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Microorganisms are involved in various important environmental processes. While current understanding of 
these microbial processes is shaped to a large extent by studies of individual populations, increasing efforts have 
been made to understanding the roles of microbial communities as a whole in environmental processes, which 
is made possible with the development of high-throughput sequencing technologies. In this dissertation, the 
microbial communities in anaerobic waste treatment processes and stream waters influenced by anthropogenic 
activities were investigated as models of engineered and natural systems using microbial community-based 
analyses. In the anaerobic waste treatment processes, metagenomics analyses revealed the persistence of 
antibiotic resistant genes (ARGs) and association with specific microbial hosts, providing insight into potential 
targets for mitigating the spread of ARGs. Further, community-based analysis identified legacy effect as an 
important mechanism contributing to the assembly of microbial communities, shedding light on potential 
strategies for the control of important populations underlying waste treatment. In the investigation of stream 
waters impacted by anthropogenic activities, microbial community-based analyses enabled the successful 
identification of primary anthropogenic sources contributing to the microbial contamination in stream water, 
which has long been confounded using traditional indicator-based approaches. Results from this study provide 
an innovative technique for microbial source tracking not otherwise possible with individual population-based 
approaches. Community-based analyses, as demonstrated in this dissertation, are capable of identifying 
interactions between microbial populations which are essential for the survival, persistence, and function of 
microorganisms in the environment. Furthermore, community-based analyses are capable of utilizing all 
information embedded in microbial communities, which enables more precise and accurate quantification of 
microbial community composition and function, paving the way for the development of more effective data 
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The new UN 2030 Agenda for Sustainable Development addressed the mission of reducing the negative impacts 
of urban activities. Urban activities produce wastes, in organic or inorganic format, are hazardous for human 
health and the environment. The reducing strategies focused on environmentally sound management, consisted 
the waste reduction and more efficient use of water and energy. Challenges in environmental management show 
the requirement of research on water-energy-pollution nexus (Figure 1-1). The nexus consists the synergies and 
trade-offs between water, energy, and pollution, which is still poorly understood (Kumar and Saroj 2014). 
Water-energy is one of the interaction processes. Human activities, including industrial production, intensive 
farming, and daily human activities, require water and produce a large amount of wastewater. Industrial 
wastewater, livestock wastewater, and municipal wastewater are three important components of wastewater. The 
degradation and bioremediation of wastewater are still challenging since no reliable technique to date is capable 
of removing all these pollutants. However, anaerobic digestion together with functional microbial populations 
provides new directions in degrading these pollutants, such as toxic industrial wastewater, livestock wastewater 
with high organic loadings, and municipal wastewater. The anaerobic process can convert organic components 
in wastewater to biogas and help mitigate pollutants. The produced biogas can be directly applied in industrial, 
agricultural, and municipal activities. The biogas can also be transformed into electricity and then applied to 
human activities. Therefore, it is of great importance to research on the anaerobic conversion of organic matters 
to biogas in pollutants mitigation, an indispensable part in the water-energy process. 
Water-pollution is another interaction process. Wastewater, together with stormwater, involve in the natural 
process, enters into the natural water. For example, during the transport of wastewater from households to 
wastewater treatment plants, wastewater pipeline leakage would increase the contamination of surface water. 
Another major cause in the deterioration of surface water quality is stormwater runoff, which is the pool of street 
solids and/or sewer-deposit contents. Both wastewater and stormwater contain a high concentration of fecal 
contamination, such as antibiotics, pathogens. The release of these fecal contaminations into surface water will 
cause various diseases in human beings and animals. It will also break the ecological balance of the surface water 
system. To protect public health and to maintain the surface water’s ecological balance, much effort should be 
intensified in wastewater and stormwater management. Therefore, implement pollution source tracking is 
becoming vital in the water-pollution process. 
1.1 Microbial source tracking of pollutants 
Successfully pollution source identification is the premise of pollutants treatment, which boosts pollution 
mitigation more efficiently. Currently, the application of microbial indicators in detecting microbial pollution 
has been widely used. Most microbial pollution detection methods are pollutants-dependent. Currently, most 
widely concerned pollutants are antibiotics pollutants and fecal pollutants. 
Antibiotics pollutants have been considered as a severe threat to public health. These antibiotics are originally 
used in human/animal disease treatment. The active compounds from the human/animal body will get excreted 
and will discharge to wastewater treatment plants. Therefore, wastewater treatment plants become the repository 
of antibiotics. Antibiotics can kill illness-causing bacteria and protect human/animals from infection. Antibiotic 
resistance is produced when bacteria develop the ability to survive in antibiotics treatment. These antibiotic-
resistant developed bacteria are free to grow, diffuse, and make antibiotics not effective in disease treatment. 
Such resistance ability is caused by the acquisition of antibiotic resistance genes from other bacteria. For example, 
the pathogenic bacteria carry resistant genes and transport into the environment, such as soil and waterbody. 
Moreover, the horizontal transfer can help disseminate ARGs, which increases the risk of ARGs to the 
environment. The expansion of the resistance gene means the expansion of resistant bacteria type. It poses a risk 
to public health and increases the difficulty in disease treatment since some antibiotics cannot successfully treat 
specific disease anymore. Therefore, it is urgent for the scientists to find the antibiotic-resistant gene, antibiotic-
resistant bacteria, understand the mechanisms that prevent the development and spreading of antibiotic-resistant 
bacteria. Then new antibiotics can be developed to treat the bacteria that cause disease and have resistant 
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potential. To date, most research have focused on revealing ARGs’ prevalence during wastewater treatment, 
surface water (Martinez 2008), soil (Gothwal and Shashidhar 2015), lakes (Thevenon et al. 2012) of different 
regions of worlds. Due to the high prevalence and risk of ARGs existence, ARG elimination (Sharma et al. 2016), 
especially in wastewater treatment, has been highly paid attention to. The treatment efficiency related to 
degradable ARG has been discussed (Chen et al. 2013, Zhang et al. 2015b). However, little has focused on 
nondegradable ARGs. More studies on nondegradable ones during treatment will assist in risk evaluation 
associated with ARG to public health and ecosystems. 
Shotgun metagenomics method has been regarded as a comprehensive tool for understanding the types and 
function of ARGs in environmental samples. This method sequenced the DNA from environmental samples and 
mining the antibiotic-resistant genes from the high coverage sequence data. Different from the most widely used 
qPCR method, it does not require specific primers designed from known target sequences. It is capable of 
detecting a more diverse ARGs, even the unknown ARG, and their functions. In addition, a variety of 
sophisticated analysis pipelines and redundant-removed databases have provided the convenience of 
downstream analysis of the sequences. Some databases, such as ResFinder (Zankari et al. 2012), CARD (Jia et 
al. 2017), ARDB (Liu and Pop 2009), etc., have been fully developed. Some algorithms, such as hidden Markov 
models(HMMs) (Yin et al. 2018), deep learning methods, machine learning methods, have been applied in the 
ARG predictions. However, most efforts are limited to the application of the qPCR method, or metagenomic 
shot reads blast analysis to date. Little has emphasized on assembled metagenomic reads, which is more accurate 
in ARG identification.  
Fecal pollution is another serious concern. Even though the application of ARGs can successfully detect the 
antibiotic-resistant pollutants, but it is not able to differentiate pollution sources. Another method, host-specific 
PCR, is suggested to be capable of fecal pollution source identification. Specific PCR assay of some bacteria, 
especially the anaerobic bacteria, such as Bacteroidetes and Firmicutes that functionally dominate warm-
blooded mammals’ intestinal tract (Roslev and Bukh 2011), have been successfully applied in the fecal source 
tracking. The diversity of  PCR assays involved in humans, bovine, cow, cattle, ruminant, swine, gulls, and 
others (Roslev and Bukh 2011). Its high repeatability and reproducibility make it more applicable  (Ebentier et 
al. 2013). However, the recovery efficiency in the experiment process and the impact of PCR inhibitors still are 
the problems (Stoeckel et al. 2009). Also, no single genetic marker can be 100% precise specific and sensitive. 
With these limitations of qPCR, next-generation sequencing provides more opportunities in pollution source 
identification. A group of researchers has successfully applied this method, microbial community-based method, 
in microbial source tracking in environmental studies. The environmental objects including a variety of 
environmental waterbodies, such as oceans (Henry et al. 2016), lakes (Brown et al. 2017, Nakatsu et al. 2019), 
rivers (Wang et al. 2016). However, most of them focused on the source estimation for a specific site or 
emphasized the method development and verification (Ahmed et al. 2015, Staley et al. 2018). Overall general 
estimation overlooked the basic of source library definition. Moreover, most studies were case studies, and few 
of them have linked to the ecological aspects. 
1.2 Pollutants mitigation by microbial populations 
Anaerobic digestion, an engineered biological process, has been proposed as an environmental way to mitigate 
pollutants, such as animal wastewater and industrial wastewater. The wastewater contains a high concentration 
of organic compounds, which can be transferred into methane by a diverse of the microbial population. These 
microbial populations have been proved to play different functional roles in the four typical processes, 
hydrolysis, acidogenesis, acetogenesis, and methanogenesis. Among them, the most important procedure is 
methanogenesis since its slow biochemical reaction. To date, much research has discussed microbial functions 
in methane production. For examples, in mesophilic anaerobic condition, acetate-utilize methanogens include 
Methanosaeta and Methanosarcina. Methanol-utilize methanogens include Methanococcoides and 
Methanosarcina, while the rest of methanogens are H2/CO2 or formate-dependent. Such a complicated 
relationship between methanogens and substrates makes the understanding of the core microbiome much more 
complicated. More efforts are needed in understanding the microbial population in response to the substrate, 
which will contribute to the improvement of pollutants-energy conversion efficiency.  
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2. Dissertation Overview 
To fill the knowledge gap related to antibiotics pollution in wastewater, fecal pollution source from wastewater 
and stormwater, and animal wastewater treatment and industrial wastewater treatment discussed above, we 
carried out the following three research tasks.  
Task 1: Chapter 2 aims at studying the persistence of pollution biomarkers, antibiotic-resistant genes, and their 
potential hosts in anaerobic digestion by shotgun sequencing. Anaerobic treatment of animal wastewater was 
proposed as the engineered process. Comprehensive understanding of antibiotic-resistant bacteria and mobile 
genetic elements were also investigated. 
Task 2: Chapter 3 aims at finding the core microbial populations that help improve the efficiency of 
bioconversion of pollutants to methane. In the first part of this chapter, the hypothesis was that formate, a crucial 
electron carrier in the final process of methane conversion, would be favorable to hydrogenotrophic methanogens 
under long term anaerobic treatment. 16S rRNA gene amplicon sequences compared the relevant microbial 
populations under formate treatment and recovered in the long-term anaerobic digesters. In the second part of 
this chapter, we engineered anaerobic membrane bioreactor to mitigate recalcitrant biofuel wastewater pollution. 
The microbial populations, capable of enriching microbial biomass but resistant to the toxicity, will be disclosed. 
Task 3: Chapter 4 aims at tracking the pollution source in the natural environment by microbial community 
analysis. In the first part of this chapter, we designed to fill the knowledge gap in current microbial source 
tracking study, to clear the inner border of a vital urban pollution source, sewage, in source tracking. In the 
second part of this chapter, the hypothesis was that the microbiological changes induced by urban perturbations 
vary by pollution source, and therefore causes transitions of the stream from healthy to unhealthy states. Stream 
health condition was assessed by community-based microbial source tracking analysis. The microbial 
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Discovering Occurrence and Persistence of Antibiotic Resistance Genes in Anaerobic Digestion by a 
Metagenomic Approach 
Abstract 
Animal waste is one vital source of antibiotic-resistant genes (ARGs). Poor animal waste management can 
increase the burden of disease and environmental impact. Anaerobic digestion is an environmentally friendly 
method to treat organic wastes. Varies studies have focused on degradable ARGs in anaerobic digestion, while 
few investigations have paid attention to non-degradable ARGs in anaerobic digestion. Therefore, this study 
aims at determining the persistence of ARGs and potential hosts of ARGs by shotgun metagenomic sequencing. 
Six anaerobic digestion samples, respectively from mono-digestion and co-digestion, were co-assembled into 
long contigs. High mapping ratio (> 68%) from the deep sequencing suggests the comprehensiveness of our 
investigation. ARG analysis discovered 126 ARG types, while the most abundant and persistent ones were 
vanUG, dfrE, msrB, PmrE, LlmA. Those ARGs types belonged to 20 ARG categories, mainly consisted of 
macrolide-lincosamide-streptogramin, glycopeptide, and multidrug. Moreover, the persistence of ARGs co-
occurred with some bacteria mainly originated from Firmicutes, Proteobacteria, Actinobacteria, and 
Bacteroroidetes. The occurrence of potential ARBs was interestingly found persistently harbor multiple ARGs, 
and some ARGs could affiliate to several bacteria. Furthermore, we found some resistant functions persisted, 
which comprised of some transporters, resistant proteins, restriction enzymes, and multidrug efflux pump. Lastly, 
the persistence pattern was also characterized by persisted mobile genetic elements (MGEs).  





Antimicrobial agents have been used in veterinary and animal farming for the intensive development of farming, 
which increases the propagation probability of antibiotics resistant gene (ARG) in the environment. Veterinary 
antibiotics entering the environment in the form of using manure as fertilizer for land application is one of the 
main origins of antibiotics (Kim et al. 2012). The existence of ARGs causes a large number of concerns due to 
their potential environmental risk (Sun et al. 2018). It is alarming that these ARGs can be transferred into the 
environment by the processes of transduction (via bacteriophages), conjugation (via plasmid and conjugative 
transposons), and transformation (via incorporation into the chromosomal DNA plasmids and other DNA from 
other organisms) (Levy and Marshall 2004). After the horizontal transfer of ARGs, antibiotic compounds, 
antibiotic-resistant bacteria (ARB) and ARGs can colonize and proliferate in human, soil, or water and would 
threaten human and ecosystem health. Therefore, how to deal with these large quantities of ARGs-contained 
manure poses an urgent problem to waste management. 
Anaerobic digestion, an environmentally sympathetic method in dealing with waste (Blake et al. 2017), provides 
the advantage of waste recycling and cleaner production. Especially anaerobic digestion has been identified to 
be capable of degrading ARGs. (Zhang et al. 2016) suggested that anaerobic co-digestion of food waste and 
sewage sludge could reduce the total abundance of ARGs, and the main driver for the fate of ARGs depends on 
the microbial community. The different mass ratio of swine manure with wheat straw could decrease the total 
abundance of ARGs (Song et al. 2017).  Thermophilic anaerobic digestion with Fe0 can help to degrade ARGs 
in the co-digestion of waste sludge and kitchen waste (Gao et al. 2017). However, most of these studies are 
focusing on what ARGs can be degraded during the anaerobic digestion, little has answered the question of what 
ARGs can persistently exist during the anaerobic digestion. Persistence of ARGs and the characteristic of 
stability (Barbosa and Levy 2000) means the capacity of populations survive under different survival conditions 
(Brauner et al. 2016). Persistence of ARGs needs to be gained much more attention since this characteristic 
hinders the process of ARG treatment. Therefore, to understand how ARGs persist in the anaerobic digestion 
can help improve the degradation of ARGs in biotechnology. 
Metagenomic sequencing is a powerful technology in identifying a broad diversity of ARGs, which overcomes 
the drawbacks of the amplified based methods, such as quantitative polymerase chain reaction (qPCR) and 
amplicon sequencing. qPCR method has been widely used to identify the diversity and abundance of ARGs in 
former studies. A variety of ARGs were successfully found in different types of environment, such as treated 
and untreated wastewater (Mao et al. 2015b, Rodriguez-Mozaz et al. 2015, Xu et al. 2015), natural water 
(Czekalski et al. 2015), soil (Chen et al. 2016a), animal wastes (Czekalski et al. 2015, He et al. 2016). Especially, 
animal wastes, such as cattle manure and poultry waste, have been widely recognized as the reservoir of ARGs 
(Czekalski et al. 2015) with a high diversity of ARGs. However, the qPCR method can identify the specific ARG 
under the use of a specific primer, which is limited to the availability of market primers and the chosen of limited 
types of primers. Therefore, a desirable broader suite of ARGs could not be detected (Tien et al. 2017). Besides, 
16S amplicon sequencing has been accompanied by the qPCR methods for identifying the ARBs. Possible hosts 
of ARGs were then determined by the pure statistical analysis under the correlation analysis. Moreover, low-
throughput, amplification bias, statistically significant, false-positive, or false-negative results increase our 
thinking on the reliability of the found ARBs. And most current studies only identify the massive taxonomy 
composition without knowing the novel ARGs and their functions, since amplicon base methods are insufficient 
to provide the accurate function of the microbiome. Luckily, the metagenomic method can overcome above-
mentioned drawbacks and can provide a more comprehensive profile of ARG diversity and its corresponding 
ARBs. Especially, a successfully metagenomic sequencing, annotation of short reads could help better survey 
the ARGs in the environment. A closer analysis by predicted open reading frames from assembled contigs to 
predict ARG could provide more accurate information on the ARGs identifications (Guo et al. 2017). 
Furthermore, mobility gene elements can be analyzed from the assembled contigs, which help further 
understanding the ARGs. Such a process has been mostly applied in the wastewater environmental system ARGs 
detection, while little has been studied for animal waste, especially during the anaerobic digestion. 
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Therefore, for surveying a broader diverse of ARGs, we used metagenomic sequencing approach, assembled the 
short reads into long contigs, and identified ARGs in the digesters in this study. In the meanwhile, ARGs 
potential hosts, ARBs, were also analyzed. We aimed to fully understand the occurrence, diversity and 
abundance of the ARGs and ARBs in the anaerobic digestion of different types of animal wastes. Besides, we 
aim at finding what ARGs and ARBs can persistently existed in anaerobic digestion. We hope this study could 





2. Materials and Methods 
2.1 Experiment setup 
Triplicate mesophilic continuous anaerobic mono-digesters (digested with dairy manure, named C) and co-
digesters (digested with dairy manure and chicken waste, named D) were respectively cultivated with inoculum 
from the former mentioned experiment (Wu et al. 2016b). Similar to previously described, the working volume 
of the digesters was 3.6 L and the operation temperature was 35 °C, the hydraulic retention time was 20 days. In 
the mono-digesters, the organic loading rate (OLR) was 1.0 g volatile solids (VS)/L/day. In contrast, the OLR 
was raised to 1.3 g VS/L/day in the co-digesters and gradually raised to 1.5 g VS/L/day by adding more poultry 
waste. During the operation process, the process performance of the digesters remained stable. Then we collected 
the biomass samples and stored them at −80 °C before DNA extraction.  
2.2 DNA extraction and sequencing 
Biomass and metagenomic DNA was extracted by grinding, freezing-thawing, SDS-based methods (Zhou et al. 
1996). To summarize, for each time point, 6-ml of sludge sample for each reactor were collected. Biomass in 
the 6-ml sludge sample was pelleted in three Eppendorf tubes. Therefore, there are three tubes (with biomass) 
for each digester at each time point. The pellet from 0.5 mL of sludge typically yields 5ug of DNA (80-120 
ng/µL in 50 µL). So, each tube of biomass in this shipment is expected to yield 20 µg DNA. Since each sample 
has three tubes of biomass, the total yield could reach around 60 µg for each sample. The metagenomic data was 
sequenced by Illumina HiSeq SE machines at Los Alamos National Laboratory. 
For16S rRNA sequencing, DNA extractions were performed using MP FastDNATM Spin Kit for Soil according 
to the manufacturer’s instruction (Protocol Revision #116560200-201608). Briefly, the biomass samples were 
resuspended in the 978 μl Sodium Phosphate Buffer solution and 122 μl MT Buffer, then followed by 100 
seconds vortex on MP biomedical fast prep instrument. Then the DNA was purified with Zymo Genomic DNA 
Clean & ConcentratorTM-10 kit according to the instructions provided by the manufacturer. The DNA 
concentrations were determined using Thermo Scientific NanoDrop ND-3300 Fluorospectrometer. Polymerase 
chain reactions were prepared with a cocktail mix containing 12.5 µL Phusion flash Master Mix, 10 µL ultra-
pure water, 1 µL forward primer, 1 µL reverse primer, and 2 µL (100 to 150 ng) DNA template. Each universal 
primer pairs were designed to target the V4 region of bacterial and archaeal 16S rRNA genes: forward primer 
515F (GTGCCAGCMGCCGCGGTAA) with 5' Illumina adapter 
(AATGATACGGCGACCACCGAGATCTACAC), forward primer pad (TATGGTAATT), and forward primer 
link (GT); reverse primer 806R (GGACTACHVGGGTWTCTAAT), with adapter 
(CAAGCAGAAGACGGCATACGAGAT), link (CC), and a unique 12-base specific barcode for each sequence. 
The PCR program included one cycle of 94 ºC for 3 minutes, followed by 35 cycles at 94 ºC for 45 seconds 
(denaturation), 55 ºC for 1 minute (annealing), and 72 ºC for 1 minute and a half (elongation), a final extension 
at 72 ºC for 10 minutes, and then stored at 4 ºC. After the program finished, the samples were run on an Agilent 
2100 Bioanalyzer Instruments with Agilent DNA 7500 chips to ensure the amplicon quality and measure the 
DNA concentrations. Post PCR, amplicons were pooled (a set of 9 or 10) based on the peak height from Agilent 
DNA 7500 analyses and the concentrations were measured using KAPA Illumina kit for quantifying library 
(KK4824) from KAPA Biosystems. Samples were pooled again according to the results and number of 
sequences desired into a final one and the concentration was measured again with the KAPA quantifying kit. 4 
nM pooled libraries were diluted with 10 mM Tris/0.05% tween buffer (pH = 8.5) and denatured with 0.2 N 
freshly made NaOH solution. The sample was then combined with 20% PhiX control kit to increase the library 
diversity. The mixture was incubated at 96 ºC for 2 minutes using a heat block and then put into a water-ice bath 
for 5 minutes. After the sample was loaded, an Illumina MiSeq System with a MiSeq Reagent Kit v2 (300-cycles) 
and Metagenomic workflow was selected to execute the 16S protocol using the MiSeq Reporter software (MSR) 
at the University of Tennessee Genomics Core (UTGC). 
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2.3 Bioinformatics analysis 
The bioinformatic strategy in the ARGs identification are described in the following steps, the workflow was 
shown in Figure 2-1 and the detailed summary of the assembly are shown in Table 2-1: (1) More than 44Gb 
paired-end reads for each sample, with 1 billion raw reads in 6 samples representing two digesters respectively 
in FASTQ format are quality filtered in Trimmomatic v0.36 (Bolger et al. 2014) with sliding window size of 4, 
sliding window minimum quality of 15, minimum read length was set at 36, trailing minimum quality at 3, 
leading minimum quality at 3. As a result, 87% and 92% of the raw reads remained high-quality reads. (2) For 
achieving a better coverage, reads from 6 samples (duplicates in triplicates digesters) in type C and 6 samples in 
type D were respectively assembled. De novo co-assembly was performed respectively on two types of digester 
samples by MEGAHIT (Li et al. 2015), with a minimum k-mer varies from 1 to 127, maximum k-mer varies 
between 1 and 255, k-step between 1 and 28. For ensuring a reasonable length for open reading frames (ORF) 
prediction, all contigs with a length greater than 2000bp were remained, with 207,652 and 230,337 contigs in C 
and D respectively. For assembled contigs, N50 are 7,204 and 7,715 for C and D; N75 are 3,516 and 3,631 for 
C and D. Contigs length greater than 2000bp reach the total length of more than 1 billion for each digestion type. 
GC% contents of the assembly are 51.19% and 50.68% respectively in C and D digester. For the complexity of 
the anaerobic animal waste digestion samples, the percentage of reads that could be assembled into long contigs 
suggest a relative higher assemble rate than other research.  (3) ORFs were predicted from contigs using Prodigal 
(Hyatt et al. 2010). (4) 16S rRNA genes from the contigs were predicted by barnnap. (5) ARGs were identified 
by DeepARG (Arango-Argoty et al. 2018b). The running parameters were set with the identity of 50, coverage 
of 50, e-value of 1e-10, the probability of 80%. Mobile Genetic Elements (MGEs) were filtered by a set of 
collected MGEs from National Center for Biotechnology Information (NCBI). The running parameters were set 
with the identity of 25, coverage of 50, e-value of 1e-10.  (6) Taxonomy assignment of the ORFs was performed 
in Kaiju (Menzel et al. 2016). NCBI bacteria and archaea protein genomes were downloaded as the reference 
database. LCA (lowest common ancestors) algorithm was used in the taxonomy assignment. The running 
parameters were set with a minimum match length of 11 and a minimum match score of 65 under mem mode.  
(7) Cleaned raw reads were mapped to the assembled contigs in BOWTIE (Langmead et al. 2009) with end-to-
end alignment type. Bam file produced in BOWTIE was sorted in SAMtools (Li et al. 2009), and the number of 
reads mapped to each contig was summarized in SAMtools. Each contig mapping rate was then used for the 
relative abundance of ARGs population normalization. (8) Protein sequences of the predicted genes were 
searched against the Non-Supervised Orthologous Groups (eggnog-mapper, V4.5.1, mapping mode of 
DIAMOND, the rest settings are all default settings) (Huerta-Cepas et al. 2016) and the detected KEGG list was 
searched against Kyoto Encyclopedia of Genes and Genomes (KEGG) databases (Kanehisa and Goto 2000) by 
a self-written script in R.  
For 16S rRNA Illumina Miseq sequencing data, pair-ended sequences were denoised under QIIME2 pipeline 
DADA2 algorithm. A mapping of feature sequences was summarized, and a pre-trained Naive Bayes classifier 




3. Results and Discussion 
3.1 Occurrence, abundance, and diversity of ARGs 
Shotgun metagenomic sequencing was used to investigate the abundance of known ARGs by annotating the 
assembled contigs (> 2000bp) against the merged database from CARD, ARDB, UniProt, which contains 2203, 
2128 and 10602 genes respectively. The output results consist of the antibiotic category to which a gene confers 
resistance and the antibiotic group to which the genes belong (Arango-Argoty et al. 2018a). Results indicated 
that a total of 694 assembled contigs (0.33%) of digester C and 890 assembled contigs (0.39%) of digester D 
were respectively found with 738 and 946 antibiotic resistant gene copies, assigned to 20 and 23 resistant 
categories respectively (Figure 2-2). Detected ARGs were all normalized by 16S gene copy numbers (ARGs/16S 
rRNA genes detected in digesters), which helped compare the ARG content from different samples (Yin et al. 
2018). Mono-digestion had a total relative abundance of 5.55 ARGs/16S rRNA genes, while co-digestion had 
6.10 ARGs/16S rRNA genes. It did not exhibit too many differences between the mono-digestion and co-
digestion, which may suggest the addition co-digestion of chicken waste may not significantly improve the ARG 
abundance.  
Antibiotic resistance genes can be grouped into the same antibiotic category may confer the same resistance 
profile and have the same action mechanism. As a result, 20 common resistance types, as well as multidrug 
resistance, were identified across mono digestion and co-digestion digesters (Figure 2-2), while the different 
three types expressed in acriflavine, streptothricin, and tunicamycin categories. Acriflavine previously has been 
found some bacteria in chicken feces can carry acriflavine ARG (Ma et al. 2016). Streptothricin has been 
regarded as treat the coliform bacteria of cecal contents in chicken (Moore et al. 1946). Tunicamycin has been 
applied to reduce the number of virus-infected cells during the process of poultry cultivation since it can inhibit 
the first step in N-glycosylation (Zhu et al. 2008). The 20 co-existed classes are macrolide-lincosamide-
streptogramin (27%/26% for mono-digestion and co-digestion respectively), glycopeptide (20%/19%), 
multidrug (14%/14%), polymyxin (12%/10%), trimethoprim (10%/10%), aminoglycoside (4%/3%), tetracycline 
(4%/5%), mupirocin (2%/2%). Macrolide-lincosamide-streptogramin (MLS) antibiotics, which consists of 
erythromycin, clindamycin, and spiramycinm, are one of the most popular used antibiotics used by veterinarians 
in the United States. Glycopeptide antibiotics, including vancomycin and teicoplanin, have been used widely as 
growth promotants for livestocks (Van Bambeke et al. 2004). Multidrug is also another type of antibiotic widely 
used in cattle and cow farming, while some bacteria can long-term persistent and result in influence mitigating 
animal and public health risk (Cobbold et al. 2006). Polymyxin is a group of polypeptide antibiotics 
includes polymyxin B and polymyxin E, or colistin, which are typically used for treating intestinal infections. 
Based on 2015 Summary Report on Antimicrobials Sold or Distributed for Use in Food-Producing Animals, 
tetracyclines were accounted for 62% of domestic sales, Mupirocin was  identified to decrease the risk of 
infection of methicillin-resistant staphylococcus aureus (Lozano et al. 2011).  
In addition, antibiotic resistance can be transferred by resistant genes by inactivation, protection, substitution, 
efflux pumping, thus a closer look was performed at the found antibiotic genes in the digestion samples. Among 
the two types of digestion, 188 gene groups were annotated, with 141 in mono-digestion and 172 in co-digestion, 
126 were shared (Figure 2-3 and Table S1). The dominant genes in the mono digestion show similar pattern, 
with vanUG (glycopeptide, 16%/15% mono-digestion and co-digestion respectively), dfrE (trimethoprim, 
10%,10%), msrB (macrolide-lincosamide-streptogramin, 11%/10%), PmrE (polymyxin, 11%/9%), LlmA 
(macrolide-lincosamide-streptogramin, 7%/9%) ranked as the high abundant ARG subtypes in both digesters 
(Figure 2-4). The high similarity persistence of large percentage of ARG categories and subtypes in both 
digesters may suggest the persistent characterization of ARGs during the anaerobic digestion. VanUG is a VanG 
variant resistance to vancomycin, while vancomycin resistance firstly emerged in Enterococci (Hayes et al. 
2005), and then also found in Staphylococcus aureus. It is also an important part of the regulatory system of 
VanG operon, but the role of VanUG who encodes a transcriptional regulator in the operon process remains 
unknown (Depardieu et al. 2015). dfrE is specific resistant to trimethoprim. It is a chromosome-encoded 
dihydrofolate reductase, which replaces or substitutes antibiotic action target, and this process will result in 
antibiotic resistance. MsrB is an ABC-F subfamily protein that confers resistance to erythromycin and 
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streptogramin B antibiotics. It is located in large plasmids. PmrE required for the synthesis and transfer of 4-
amino-4-deoxy-L-arabinose (Ara4N) to Lipid A, which allows gram-negative bacteria to resist the antimicrobial 
activity of cationic antimicrobial peptides and antibiotics such as polymyxin. LlmA is resistant to erythromycin 
and streptogramin B antibiotics and also associated with plasmids. 
3.2 Taxonomy composition of the possible ARBs 
More than 44 Gb of raw reads for each sample was produced from Illumina Hiseq sequencing. Both mono-
digestion and co-digestion samples sustained a mapping ratio of greater than 68%. This result is fairly well when 
compared with other anaerobic digestion metagenomic data (Campanaro et al. 2016), which suggests a relatively 
good recovery of the reads. For discovering the potential host of the ARGs, all predicted ORFs detected with 
ARGs were extracted and search for the taxonomy composition to reveal the microbial diversity of the anaerobic 
digestion.  
As a result, for all contigs contained ARGs in both digestors, bacteria were always the dominant domain, 
accounting for more than 98% contigs. The taxonomy affiliation at the phylum level was determined (Figure 2-
5). In both digestion samples, the microbial community of ARG contained contigs were dominantly comprised 
of four phyla, Firmicutes (44.6%, 51.2% of the contigs respectively in mono-digestion and co-digestion), 
Proteobacteria (30.2% and 22.7%), Actinobacteria (8.8% and 11.7%) and Bacteroidetes (8.4% and 7.8%). 
However, of all the ARG contained contigs, both digesters contained a very low archaea existence, with only 
1.8% and 1.2% contigs detected. Most of these affiliations are possible pathogen originated phyla. Compared 
with the taxonomy composition of the digesters, these microbial communities are the most abundant phylum 
existed in the digesters, which may suggest the ARG are more likely to choose the abundant indigenous bacteria 
as the carriers. It may also reveal that the indigenous bacteria communities may have stable characteristics, which 
are much easier to carry these long stable existed bacteria. The discovering of multiple taxonomy affiliations of 
ARGs in this study imply the capability of the metagenomic method. The relative consistent microbial 
composition between mono-digestion and co-digestion may further support the persistent of ARGs since the 
possible carriers’ phyla seem similar.  
3.3 Functional profile of the microbial communities 
For functional annotation was done on the assembled into contigs, and then open reading frames (ORFs) were 
predicted from the contigs for saving more useful information. Then ORFs were functionally annotated in 
EggNOG database.  
A total of 738 and 946 genes were predicted for mono-digestion and co-digestion respectively. The putative 
functional role for the ARG existed reads was assigned to taking into their account by the annotation of COG 
database. As a result, COG classes revealed that only 17 of the 25 basic metabolic categories existed in the ARG 
contained contigs in both types of digestion sample. Mono-digestion and co-digestion showed a similar trend in 
the relative distribution of metabolic categories. Cell wall/membrane/envelope biogenesis, transcription, post-
translational modification, protein turnover, and chaperones, nucleotide transport and metabolism were the more 
harbored COG classes (Figure 2-6).   
In addition, we further analyzed the functional profiles of the top significant mechanism in the digestions. These 
mechanisms include some transporters, resistant proteins, restriction enzymes, multidrug efflux pump (Figure 
2-7). The resistant protein contains metallo-beta-lactamase domain protein, acriflavin resistance protein, 
multidrug resistance protein, and other resistant protein. MFS antibiotic efflux pump also exists. It includes a 
significant number of bacterial drug and multidrug efflux pumps, which is one of the largest groups of solute 
transporters (Lekshmil et al. 2018). Some transcriptional regulators modulate antibiotic resistance and have the 
function of quorum sensing (Dieppois et al. 2012). Acetyltransferase enzyme confers resistance to some 
aminoglycoside resistances, such as kanamycin, gentamicin, and tobramycin. The most abundant function 
thymidylate synthase could be associated with the drug resistance (Yeh et al. 1998). The existence of rRNA 
adenine N-6-methyltransferase protein is a Macrolide-lincosamide-streptogramin B resistance protein, which 
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can reduce the affinity between ribosomes and macrolide-lincosamide-streptogramin B antibiotics (Renaux and 
Consortium 2018). Aminoglycoside-2"-adenylyltransferase (AAD(2")) is coded by a plasmid-borne gene aadB, 
which mediates gentamicin, kanamycin, and tobramycin resistance phenotype in bacteria. Gentamicin, 
kanamycin and tobramycin resistances belongs to aminoglycoside, and some aminoglycoside resistances were 
found in both digesters. SAM (S-adenosyl-l-methionine) is an enzyme, is the source of the appended group in a 
majority of methylation reactions (Bauerle et al. 2015), commonly regarded as SAM-dependent 
methyltransferases, could confer resistance to a range of ribosome-targeting antibiotics (Stojkovic et al. 2017). 
The relative abundant existence of predicted proteins contain in different types of antibiotic response may 
suggest that anaerobic digestion has the possibility of harboring a diversity of ARGs, and the co-abundant of 
both digestions may imply the possible similar trend of ARGs existence. 
3.4 Co-occurrence of ARGs   
For identifying which bacteria were carrying the ARG genes, the network analysis was used in revealing the co-
occurrence pattern between ARG subtypes and the microbial community.  Out of 110 potential hosts in both 
digesters, 55 of them were shared among both types of digesters. It is interesting to find that multiple potential 
hosts were found in some ARGs in both digesters (Figure 2-8). For example, LlmA and msrB from multidrug 
were found to be affiliated with more than ten bacteria. LlmA was found linked to Butyrivibrio, Lachnospira, 
Paenibacillus, Peptoclostridium, Ruminiclostridium, Ruminococcus, etc., while msrB was associated with 
Acinetobacter, Clostridium, Cystobacterineae, Methanothrix, Pseudomonas. Two subtypes from glycopeptide, 
VanUG was found affiliated with Acidaminococcus, Clostridium, Holdemanella, Lachnoclostridium, 
Lachnospiraceae, Alkaliphilus, Desulfotomaculum, Dialister, Eubacterium, Levyella, Mitsuokella, 
Oribacterium, Selenomonas. dfrE was inconsistent affiliated with Arcanobacterium, Bacillus, Bacteroides, 
Bifidobacterium, Carnobacterium, Enterococcus, Knoellia, Lactobacillus, Prevotella, Proteiniphilum, Thauera. 
In addition, some bacteria were found to have multiple potential resistance during the anaerobic digestion. 
Clostridium potentially carry four ARG subtypes (lnuD, msrB, vanU, VanUG). Lachnospiraceae may carry four 
ARGs (VanUG, LlmA, LlmA, PmrE). Pseudomonas possibly take five subtypes (arpC, cpxr, golS, KsgA, msrB), 
and Ruminococcus could have three subtypes (LlmA, PmrE, vanWG). Such inconsistent existent of ARGs and 
its potential hosts may imply the survival environment and the selection pressure in the digesters give rise to the 
co-existent of pathogens and bacteria.  
It has been mentioned that anaerobic digestion could reduce the ARGs abundance since anaerobic digestion can 
remove some pathogens and DNA hydrolysis. However, it is interesting to find that in this study most ARGs 
consistent exist even after the co-digestion, which suggested a mixed effect of anaerobic digestion on ARGs. 
The percentage difference and composition difference in ARGs might be attributed to the changes in the 
microbial community structure. Because co-digestion cultured a group of different microbial community than 
mono-digestion, and these microbial community consequently harbored these genes and mobile elements. 
However, future studies are needed to validate the correlation between ARGs and its potential hosts.  
The co-occurrence of Mobile Genetic Elements (MGEs), consist plasmids, transposase, recombinase, transposon, 
conjugative, intergrase, and conjugal. MGEs play significant roles in the mobility and acquisition of ARG among 
a diverse of microbial community by the horizontal gene transfer pathway. Therefore, ORFs were searched 
against the NCBI retrieved MGE-associated sequences.  
Under an identity of 50, coverage 50, e-value < 1e-10, probability > 50%, 591 and 780 ORFs were identified 
with MGEs. Both types of digester were inconsistently found with plasmids and transposase (Figure 2-9). 
Plasmids were found as the most abundant MGEs, while transposase and recombinase were also found in the 
samples. Plasmids have been regarded as the most important part for intercellular horizontal transfer of genetic 
materials (Zhang et al. 2011), the presence of plasmid indicates that the microorganism in the samples have the 
gene-mobilizing capacity (Garbisu et al. 2018). It has previously been identified that ARGs with plasmids were 
more likely to transfer horizontally by conjugation (Becker et al. 2018).  Transposase is an enzyme that binds to 
the end of a transposon and catalyzes its movement to another part of the genome by a cut and paste 
mechanism or a replicative transposition mechanism. The potential for horizontal transfer of ARGs because 
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of transposon-specific ARGs is implicated by the enrichment of transposases, and there could be a high 
correlation between ARG and transposase abundance (Zhu et al. 2013). 
3.5 Persistent of potential antibiotic-resistant bacteria 
For further investigate whether the persistence characteristic existed in the digesters, samples produced after 
around three years of the digesters were sequenced by 16S rRNA sequencing. After denoised the sequences, the 
raw 16S sequences were extracted and analyzed with NCBI RefSeq database used in metagenomic data. 16S 
reads and assembled contig that can be mapped to the same genome reads were regarded as the same origin. As 
a result, some potential antibiotic-resistant bacteria were still found in the digesters, which suggests that some 
bacteria may have long-term stable characteristics and reluctant to change even under the anaerobic environment. 
In details, similar to the former ARBs, a variety of bacteria mainly from Bacteroidetes, Firmicutes, and 
Proteobacteria were found inconsistent existed in the digesters. Besides the sequences cannot be classified from 
the genus level, Proteiniphilum, Paenibacillus, Bacteroides, Ruminiclostridium, Syntrophus, Streptococcus, 
Clostridium, Bacillus, etc. were the genus found consistent in the digesters. These anaerobes are typically found 
in the anaerobic digestion environment, while some of them, such as Bacteroides and Clostridium, have longed 
been studied as important ARBs (Gajdacs et al. 2017). The co-existence of these bacteria may imply the 
consistent prevalence of some bacteria, and these bacteria may provide opportunities for the survival of the 
ARGs. 
The persistence of ARGs could be owed to various selective forces and mechanisms, such as selective pressure, 
beneficial fitness resistance, plasmid-mediated increase in fitness, etc.  Two types of digester have been fed with 
manure for a long time, while the central microbial communities will not change once they achieve a stable 
status. The long-term performance of the digesters has formed a stable selective pressure of the digesters. The 
sudden addition of poultry waste will not increase the leading functional microbial community will increase 
during the treatment and will recovery during the post-digestion. Thus, there may a niche microbial community 
existed in the digesters. Previous studies have found that even without the addition of antibiotics, the persistence 
of high frequency of resistant still can be found (Barbosa and Levy 2000). Therefore, a sudden disturb of the 
self-recovery ability contained digesters may support the persistence of ARBs. The unchanged ARBs may 





For checking the persistence of ARGs and its corresponding potential hosts, the metagenomic approach was 
applied to the mono-digestion of manure samples and the co-digestion of poultry waste and manure samples. 
Under a relative good assembly of the short reads into long contigs, contigs were then transformed into the open 
reading frames. Taxonomy was then assigned and annotated functional profiles. This may provide a better 
understanding of the samples.  
As a result, compared with mono-digestion, a variety of ARGs remained in the digesters after co-digestion, 
mainly expressed in macrolide-lincosamide-streptogramin, glycopeptide, and multidrug ARG types, 126 
unchanged subtypes. The most abundant unchanged subtypes were vanUG, dfrE, msrB, PmrE, LlmA. Such 
persistence of ARGs was accompanied by the existence of some bacteria, which mainly originated from 
Firmicutes, Proteobacteria, Actinobacteria, and Bacteroroidetes.  
Furthermore, the functional profiles of the microbial community in both digesters were identified to be identical 
in both digesters. After annotating the ORFs to the EggNOG database, mechanisms include some transporters, 
resistant proteins, restriction enzymes, multidrug efflux pump were found commonly existed.  
In addition, multiple potential hosts were found in some ARGs in both digesters, while some bacteria were found 
to have multiple potential resistance during the anaerobic digestion. Besides, MGEs were also found similar in 
both digestions. This phenomenon was found in both digesters, which may suggest the existence of potential 
host unchangeable. 
Finally, a closer look at the microbial community after the long-term history of the digesters was checked by 
16S rRNA approach. It was found that there indeed exist some bacteria stable and long-term existed in both 




Appendix B: Figures and Tables 




Table 2-1 Summary of sample contribution to the assembly. 
Sample ID #Raw reads #Reads after QC #Assembled contigs N50 N75 
C 1,172,049,040 1,026,753,626 207652 7204 3516 




GC content Reads mapped Mapping ratio 
C 1,175,483,181 51.19% 711,682,215 68.43% 





Figure 2-2 Distributions of ARG types detected in digesters.  
MLS denotes macrolide-lincosamide-streptogramin. The outmost circle represents the gene number of ARG 
types. The length of the bars on the outer ring represented ARG gene found in two digesters (grey bars of the 
diagram, labeled as C and D) and correlates the gene number of respective ARG types in the digesters (colorful 





Figure 2-3 Venn diagram for the ARGs detected among the two treatments. 
Unique ARG subtypes in C digester is 142, while in D digester is 173. They have 127 ARG subtypes in common, 





Figure 2-4 The abundance of the ARGs subtypes in digester samples. 
The color intensity in each panel shows the ARGs/16s rRNA gene copy number. For the visualization size limit, 




Figure 2-5 Relative consistent microbial community among the ARG carried contigs at the phylum level. 





Figure 2-6 Functional class of both samples in digester C and D. 
Gene contains in each virus annotated assembled contigs were predicted by Prodigal. Genes were predicted and 
annotated against the eggNOG database with e-value < 10−5. The values shown in this figure is the mean value 





Figure 2-7 Functional class of defense mechanisms in digester C and D. 





Figure 2-8 Co-occurrence of ARGs and potential taxonomical origin (ARBs).  
The colorful circle nodes stand for various ARG groups (each color stands for one ARG category), while the white squared nodes indicate diverse 
microorganisms, labeled as ‘genus’ in the legend. Microorganism nodes listed were all at genus/species/strain level. The node size shows the connection 





Figure 2-9 Summary of MGE abundances found in the metagenome samples. 
MGEs were identified by screening the ORFs by a set of MGEs from NCBI. The abundance was calculated by 




Table S1 Taxonomy of the microorganisms in the networks. 
genus nodes_C genus nodes_D 
Acidaminococcus 3 Acidaminococcus 8 
Acinetobacter 7 Acidobacterium 12 
Actinoplanes 9 Acinetobacter 14 
Alistipes 16 Aliihoeflea 22 
Alkaliphilus 18 Alkaliflexus 25 
Allofustis 19 Alkaliphilus 26 
Aminobacterium 21 Allofustis 27 
Anaerotruncus 26 Anaerococcus 32 
Arcanobacterium 29 Anaerotruncus 34 
Bacillus 35 Arcanobacterium 36 
Bacteroides 38 Aromatoleum 39 
Bifidobacterium 41 Atopococcus 41 
Blautia 43 Azospirillum 43 
Brevibacterium 46 Bacillus 44 
butyrate-producing bacterium SS3/4 52 Bacteroides 46 
Butyrivibrio 54 Bifidobacterium 49 
Candidatus Omnitrophus 56 Blautia 52 
Carnobacterium 59 Brachybacterium 53 
Clostridiales bacterium NK3B98 64 Brevibacterium 55 
Clostridiisalibacter 66 butyrate-producing bacterium SS3/4 58 
Clostridium 67 Butyrivibrio 59 
Corynebacterium 72 Carnobacterium 68 
Cystobacterineae 74 Clostridiales bacterium NK3B98 73 
Dehalobacter 75 Clostridiisalibacter 75 
Dehalogenimonas 76 Clostridium 76 
Desulfitobacterium 79 Corynebacterium 80 
Desulfococcus 82 Cutibacterium 81 
Desulfosporosinus 85 Cystobacterineae 83 
Desulfotomaculum 88 Dehalobacter 84 
Dialister 89 Desulfococcus 92 
Enterococcus 95 Desulfotomaculum 96 
Erysipelotrichaceae bacterium NK3D112 99 Dialister 99 
Ethanoligenens 100 Dysgonomonas 105 
Eubacterium 101 Enterococcus 110 
Faecalibacterium 102 Erysipelothrix 115 
Flavobacteriaceae 105 Erysipelotrichaceae bacterium 
NK3D112 
117 
Gammaproteobacteria bacterium MFB021 108 Ethanoligenens 118 
Geobacter 111 Eubacterium 119 
Halomonas 115 Gammaproteobacteria bacterium 
MFB021 
128 
Holdemanella 119 Geobacter 131 
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Table S1 continued 
genus nodes_C genus nodes_D 
Ilumatobacter 125 Holdemanella 144 
Intestinimonas 126 Holdemania 145 
Knoellia 131 Ilumatobacter 147 
Lachnoclostridium 133 Intestinimonas 148 
Lachnospira 134 Jeotgalicoccus 149 
Lachnospiraceae 135 Knoellia 152 
Lachnospiraceae bacterium 28-4 138 Kurthia 154 
Lachnospiraceae bacterium AC2029 143 Lachnoclostridium 155 
Lachnospiraceae bacterium C6A11 144 Lachnospira 156 
Lachnospiraceae bacterium FE2018 146 Lachnospiraceae 157 
Lachnospiraceae bacterium P6B14 149 Lachnospiraceae bacterium 10-1 159 
Lactobacillus 152 Lachnospiraceae bacterium 28-4 160 
Levyella 157 Lachnospiraceae bacterium C6A11 166 
Mesorhizobium 172 Lachnospiraceae bacterium FE2018 168 
Methanobacterium 173 Lachnospiraceae bacterium YSB2008 173 
Methanomassiliicoccus 176 Lactobacillus 174 
Methanothrix 178 Levyella 179 
Mitsuokella 183 Lysobacter 184 
Mobilicoccus 184 Marvinbryantia 193 
Nocardia 192 Methanobrevibacter 196 
Oribacterium 200 Methanothrix 199 
Paenibacillus 204 Microbacterium 203 
Paracoccus 207 Mitsuokella 204 
Peptoclostridium 215 Mycoplasma 210 
Prevotella 223 Nocardia 217 
Proteiniphilum 224 Oceanobacillus 223 
Pseudomonas 230 Oribacterium 227 
Rhizobium/Agrobacterium group 238 Paenibacillus 231 
Ruminiclostridium 245 Peptoanaerobacter 242 
Ruminococcaceae bacterium AB4001 246 Peptoclostridium 243 
Ruminococcaceae bacterium D16 247 Peptoniphilaceae 244 
Ruminococcus 248 Prevotella 251 
Selenomonas 251 Proteiniphilum 253 
Sideroxydans 253 Pseudomonas 259 
Singulisphaera 254 Rhizobium/Agrobacterium group 267 
Staphylococcus 263 Roseburia 271 
Stenotrophomonas 264 Ruania 272 
Stomatobaculum 265 Ruminiclostridium 274 
Streptococcus 266 Ruminococcaceae bacterium AB4001 275 
Subdoligranulum 268 Ruminococcaceae bacterium D16 276 
29 
 
Table S1 continued 
genus nodes_C genus nodes_D 
Syntrophorhabdus 273 Ruminococcus 277 
Tepidanaerobacter 276 Salinicoccus 278 
Tetrasphaera 278 Selenomonas 281 
Thauera 281 Smithella 288 
unknown 289 Stomatobaculum 298 
Vibrio 292 Streptococcus 299 
  Streptomyces 300 
  Subdoligranulum 301 
  Tetrasphaera 312 
  Thauera 314 
  Treponema 324 
  unknown 326 









Section A: Legacy Effects Influence the Pathway Selection in Anaerobic Digestion 
Abstract 
To determine adaptive changes in the methanogenic populations in response to substrate spiking, and to identify 
potential linkages between process performance and microbial community, we modeled anaerobic digestion 
process with triplicate continuous anaerobic digesters. The process was subsequently disrupted by formate 
loading. 16S rRNA sequence analysis of microbial communities responding to formate overloading showed that 
populations surprisingly related to Methanosaeta were the dominant methanogens before and after formate 
spiking, suggesting the functional importance of these acetoclastic methanogens, not hydrogenotrophic 
methanogens, in balanced anaerobic digestion processes. Population variation in possible homoacetogens 
fluctuated with Methanosaeata. Those homoacetogens likely helped Methanosaeta convert hydrogenotrophic 
methanogenesis function to the acetoclastic function, which was further supported by K-means clustering 
analysis. Results show that highly ranked population with low-rank variance were ‘home’ population with legacy 
effects. The “home” bacteria and “home” methanogen coexisted and simultaneously worked together, which 
could lead to the pathway redirection in the formate treatment. Understanding the connections between microbial 
populations and the process performance discovered in this study is benefits for strategies development in the 
mitigation of the impact of substrate loading on anaerobic digestion processes. Further studies are required to 
identify mechanisms contributing to the unexpected pathway redirection during formate treatment observed in 
this study. 






The biological process has been widely known as an essential part of wastewater treatment. Different processes, 
such as biological treatment, activated sludge, and anaerobic digestion, are included. Anaerobic digestion has 
been recognized as the unneglectable treatment process, which profoundly influences the treatment efficiency 
by the bacterial metabolism (Cydzik-Kwiatkowska and Zielińska 2016). Therefore, understanding the 
interactions of the microbial community is required to develop strategies for an active process. 
The wastes, which contains abundant protein, carbohydrates, and lipids (Angelidaki and Sanders 2004, Liu and 
Whitman 2008), could be biologically transformed into methane. Extensive studies have been focused on a 
variety of source wastes involved in the transformation, which refer to animal waste (Chen et al. 2017, 
Wijesinghe et al. 2017, Wu et al. 2016a, Zhang et al. 2017b, Zhang et al. 2017c), straws (Mao et al. 2017, 
Romero-Güiza et al. 2017) , food waste (Berry et al. 2017, Maragkaki et al. 2018, Palatsi et al. 2011, Svensson 
et al. 2018), etc. Different bacteria can thrive through fermentation reactions, soluble organic compounds were 
released and then consumed by other bacteria. This biological conversion is the well-studied chain of anaerobic 
processes, which includes hydrolysis, acidogenesis, acetogenesis, and methanogenesis. The process chain is 
highly sensitive, therefore its efficiency was significantly influenced even by minor change of operational 
conditions, such as temperature (De Vrieze et al. 2015, Lin et al. 2017, Westerholm et al. 2017, Xiao et al. 2018), 
pH (Latif et al. 2015, Wang et al. 2014), ammonia concentration (De Vrieze et al. 2015), hydraulic retention 
time (Dareioti and Kornaros 2015, Ziganshin et al. 2016), organic loading rate (Wirth et al. 2015), reactor scale, 
moisture content. Different functional bacteria and archaea are essential participants in these processes. 
Cellulolytic and other polymer degrading bacteria are active in transforming complex polymers into monomers 
(Angelidaki and Sanders 2004, Batstone et al. 2002, Gujer and Zehnder 1983, Mata-Alvarez et al. 2000). 
Fermentation bacteria involved in the primary fermentation, in this acidogenesis process short-chain fatty acids, 
alcohols, acetate, C1 compounds, H2 and CO2 are produced (Myint et al. 2007). Methanogenic archaea help 
produce methane. For understanding complex microbial community structures in AD processes under transient 
conditions, considerable efforts have been devoted. 
Even the complexity of the system, final substrates utilized by the methanogens only included three types, short-
chain fatty acid (C1–C6), n-or i-alcohols and gases (CO, CO2, and H2) (Zhang et al. 2014). The critical functional 
methanogens include two parts, acetoclastic methanogens that mainly use acetate, and hydrogenotrophic 
methanogens that mainly use H2/CO2 or formate. Hydrogenotrophic methanogens are more resistant than 
acetoclastic methanogen especially under the harsh operating environment (Yenigün and Demirel 2013). The 
proper utilization of the hydrogenotrophic pathway under harsh environment could be an effective way to 
improve the performance of anaerobic digestion. A deeper understanding of the hydrogenotrophic 
methanogenesis procedure should be a valuable addition to our knowledge of the microbial process. 
Formate and hydrogen are crucial electron carriers in the final process of methanogenesis (Boone et al. 1989, 
Pan et al. 2016, Schink et al. 2017), especially the hydrogenotrophic methanogenesis. They determine the energy 
balance of the facultative and obligate syntrophic methanogenic community. Anaerobic bacteria are much more 
energetic advantageous than methanogens in facultative syntrophy process, while bacteria and archaea mutually 
metabolize on one substrate in obligate syntrophy. Hydrogen is continuously produced and utilized by 
hydrogenases microorganisms, while the dehydrogenases genes produce formate. Previous literature has given 
much emphasis on the hydrogen, but little attention has been paid to formate. Formate has already been detected 
in simultaneously work with hydrogen in the anaerobic system. Moreover, former diffusion model has suggested 
that formate can sustain a 100-fold higher conservation rate than hydrogen (Stams and Plugge 2009). For this 
reason, more efforts should be put to understand the microbial community structure in anaerobic formate 
treatment. 
In addition, there could be mutually transformation between the two well-known methanogenesis pathway, the 
conversion between formate and acetate. Formate can be indirectly transferred into acetate by homoacetogenesis 
pathway (Nie et al. 2007, Rachbauer et al. 2017, Ryan et al. 2008, Saady 2013), a pathway being considered 
thermodynamically unfavorable under natural environment. Therefore, the homoacetogens-occupied pathway 
was thought to be more energy consumption and could not outcompete methanogens for a common substrate, 
H2. Homoacetogenesis was favorable under low H2 partial pressure (Goodwin and Zeikus 1987, Liu et al. 2016), 
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low temperature (Conrad and Wetter 1990, Kotsyurbenko 2005, Kotsyurbenko et al. 2001), acidic environments 
(Phelps and Zeikus 1984). Homoacetogens could grow faster than hydrogenotrophic methanogens when under 
a hydrogen threshold. Homoacetogenesis has also been identified to function with some homoacetogens, 
Clostridium, Clostridia, Acetobacterium strains (Esquivel-Elizondo et al. 2016, HEISE et al. 1992, Levin et al. 
2004). However, under what condition can make this conversion happens is still unknown. Currently, limited 
research has been focused on determining how this single substrate change affect the metabolism of the microbial 
community. 
Digester configuration is a suggested way to capture biogas during organic waste storage, which can be a 
substitute for other non-regeneration energy and a grateful way to treat organic waste. Reactor configuration has 
also been identified as an essential factor that can profoundly influence the biogas production efficiency. 
Different reactors, like conventional anaerobic reactors, sludge retention reactors and anaerobic membrane 
reactors have been studied for a long time. The continuous batch reactor is of high reliability, and it has been 
widely used for wastewater that contains the high strength of livestock wastewater, industrial organic waste 
(Mao et al. 2015a, South et al. 1995). Its property of operability and controllability make it a great modeling tool 
in the lab. Stable operation performance of CH4 production was regarded as the most critical indicator in reactor 
evaluation. Experimental study on short-term reactor set-up was the most popular one, which was considered as 
understandable and reasonable. The complex relationship during the short treatment period in the anaerobic food 
web has been widely studied. However, little attention has been paid to the influence of the starting environment 
of the reactors on the microbial community. Previous literature has listed the successional change of the 
microbial community occurred even under no disturbance of the environment (Wu et al. 2016a). However, 
whether the successional pattern can influence the later treatment remains still unclear. 
The objective of this study was to investigate what population metabolizes formate in the anaerobic digestion 
system with a long history. Triplicate continuous bench scale reactors and batch reactors were configured. We 
manipulated the contemporary environment by two-time period spiking of formate. The microbial community 
structure in different treatment periods was examined by Illumina Miseq sequencing of the 16S rRNA gene. It 
is interesting to find that hydrogenotrophic methanogens were not the corresponding key archaea during formate 
treatment, which may indicate the impact of legacy effects. We expect this could help understanding more about 
the formate role in the anaerobic digestion, further understanding the methanogenic process among the microbial 




2. Materials and Methods 
2.1 Dilution medium 
The basal medium was prepared according to the following recipe (per liter) as previously described (He and 
Sanford 2002): NaCl, 1.0 g; MgCl2·6H2O, 0.5 g; KH2PO4, 0.2 g; NH4Cl, 0.3 g; KCl, 0.3 g; CaCl2·2H2O, 0.015 
g; trace element solution, 1.0 mL; Se/Wo solution, 1.0 mL; and resazurin, 1.0 mg. L-cysteine (0.031 g/L) and 
Na2S·9H2O (0.048 g/L) were added as reductants into the basal medium after it had been boiled and cooled to 
room temperature under an oxygen-free N2 atmosphere. NaHCO3 (2.52 g/L) was added to the medium as the 
buffer. A sterile vitamin solution (1%) was added after autoclaving(Wolin et al. 1963). 
2.2 Substrates and inoculum 
To study the responsive methanogenic populations, formate was daily fed into the continuous anaerobic reactors, 
which have been operated for more than nine years. The feedings were separated into two periods of spiking, 
each spiking period is composed of 10mM formate respectively for two days, and 20mM formate respectively 
for five days.  
To demonstrate the influences of formate treatment on methanogenesis pathway selection. Batch reactors were 
newly set up with an initial anaerobic basal medium, and a 10% (vol/vol) inoculum of the same digestate from 
the continuous anaerobic digesters, flushed with pure N2 and sealed with butyl rubber stoppers and aluminum 
caps. Formate was also added as the sole substrate when the formate was depleted, as indicated by no methane 
production. The inoculum was also transferred from the continuous reactors. The second enrichment was 
continued by transferring a 10% (vol/vol) inoculum from the first enrichment cultures into fresh medium 
followed by repeated feedings of formate.  
2.3 Reactors set up 
Triplicate mesophilic continuous anaerobic digesters were set up prior to this study as former described (Chen 
et al. 2016b). The hydraulic retention time was maintained at 20 days and was sustained at a stable condition by 
feeding 1.0 g VS L-1day-1 from livestock wastewater loading. The performance was monitored of some 
environmental parameters, such as pH, VFA, methane production.  
In triplicate, mesophilic batch reactors were also set up for formate enrichment study. The headspace of the 
reactors was sampled to analyze the gas composition. Daily measurement of gas in the headspace was identified 
with respect to CH4, CO2, and N2. Water displacement method was applied to measure the biogas production 
(Zhu et al. 2011). Samples were collected with a 1 mL syringe. Hewlett Packard 5890 Series II gas 
chromatograph (GC) equipped with a thermal conductivity detector (TCD) and a Supelco packing column (60/80 
Carbonxen®- 1000; Sigma-Aldrich, St Louis, MO, USA) was applied to determine the proportion of methane 
content in biogas. The carrier gas was argon and the flow rate maintained at 5 mL/min.  
Biomass samples were collected from the digesters periodically, which resulted to 15 samples from formate 
treatment, and 1 sample from the formate-enriched batch reactors. The storage temperature was maintained at -
80 °C before DNA extraction. 
2.4 Sequencing processing of 16S rRNA gene 
DNA extractions were performed using MP FastDNATM Spin Kit for Soil according to the manufacturer’s 
instruction (Protocol Revision #116560200-201608). Briefly, the biomass samples were resuspended in the 978 
μl Sodium Phosphate Buffer solution and 122 μl MT Buffer, then followed by 100 seconds vortex on MP 
biomedical fast prep instrument. Then the DNA was purified with Zymo Genomic DNA Clean & 
ConcentratorTM-10 kit according to the instructions provided by the manufacturer. The DNA concentrations 
were determined using Thermo Scientific NanoDrop ND-3300 Fluorospectrometer. 
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Polymerase chain reactions were prepared with a cocktail mix containing 12.5 µL Phusion flash Master Mix, 10 
µL ultra-pure water, 1 µL forward primer, 1 µL reverse primer, and 2 µL (100 to 150 ng) DNA template. Each 
universal primer pairs were designed to target the V4 region of bacterial and archaeal 16S rRNA genes: forward 
primer 515F (GTGCCAGCMGCCGCGGTAA) with 5' Illumina adapter 
(AATGATACGGCGACCACCGAGATCTACAC), forward primer pad (TATGGTAATT), and forward primer 
link (GT); reverse primer 806R (GGACTACHVGGGTWTCTAAT), with adapter 
(CAAGCAGAAGACGGCATACGAGAT), link (CC), and a unique 12-base specific barcode for each sequence. 
The PCR program included one cycle of 94 ºC for 3 minutes, followed by 35 cycles at 94 ºC for 45 seconds 
(denaturation), 55 ºC for 1 minute (annealing), and 72 ºC for 1 minute and a half (elongation), a final extension 
at 72 ºC for 10 minutes, and then stored at 4 ºC. After the program finished, the samples were run on an Agilent 
2100 Bioanalyzer Instruments with Agilent DNA 7500 chips to ensure the amplicon quality and measure the 
DNA concentrations. Post PCR, amplicons were pooled (a set of 9 or 10) based on the peak height from Agilent 
DNA 7500 analyses and the concentrations were measured using KAPA Illumina kit for quantifying library 
(KK4824) from KAPA Biosystems. Samples were pooled again according to the results and number of 
sequences desired into a final one and the concentration was measured again with the KAPA quantifying kit. 4 
nM pooled libraries were diluted with 10 mM Tris/0.05% tween buffer (pH = 8.5) and denatured with 0.2 N 
freshly made NaOH solution. The sample was then combined with 20% PhiX control kit to increase the library 
diversity. The mixture was incubated at 96 ºC for 2 minutes using a heat block and then put into a water-ice bath 
for 5 minutes. After the sample was loaded, an Illumina MiSeq System with a MiSeq Reagent Kit v2 (300-cycles) 
and Metagenomic workflow was selected to execute the 16S protocol using the MiSeq Reporter software (MSR) 
at the University of Tennessee Genomics Core (UTGC). 
2.5 Data analysis 
Raw reads were quality filtered by QIIME2. Briefly, pair-ended sequences were joined and denoised by DADA2. 
A mapping of feature sequences was summarized, and a pre-trained Naive Bayes classifier based on Greengene 
13_8 99% OTUs were used in the taxonomy analysis. A total of 196,7281 high-quality sequences were obtained 
from 16 samples. All samples were sub-sampled randomly at the minimal reads depth among all samples under 
rarefy_even_depth function in phyloseq package in R.  
All the statistical analysis was conducted in R (Team 2016). Differences in the microbial community in different 
treatment stages were compared using analysis of variance (ANOVA) followed by Tukey’s honestly significant 
difference (HSD) test. Pearson correlation analysis was finished under corrplot package in R (Racine 2012). K-
means clustering was performed under basic R. Other plots were all performed under ‘ggplot2’ package (Ginestet 





3.1 Performance of the continuous reactors during formate spiking 
For investigating the active microbial community of the anaerobic digestion under formate treatment, continued 
feeding of formate was carried out under no process perturbation, with a two-stage anaerobic digester operation 
during the study period (Figure 3-1a). Each stage started with the two-day loading of 10mM/day formate and 
followed by 5-day loading of 20mM/day formate. 
In response to formate spiking, the changing trend of methane production was consistent with formate spiking 
level (Figure 3-1a). Theoretically, reactions involved in the conversion of formate to methane were provided in 
equations (1) or (2), 10mM formate would produce 63.6mL/L methane, while 20mM formate would produce 
127.2mL/L methane. Consistent with the theoretical methane production, methane production increased 
gradually from 217±11 mL/L/day to 374±20 mL/L/day following the increase in formate from 10mM/day to 
20mM/day. When formate loading was kept at 20mM, the methane production stayed stable around 360±12 
mL/L/day. After the treatment stopped, the methane production decreased dramatically to 220±30 mL/L/day, 
the similar level as the control digesters. When the second spiking was performed, the methane production trend 
was similar to the first spiking. The methane production was following the logical volume. The actual methane 
production little differed from the heoretical volume indicated that the added formate had been completely 
utilized by the microorganism, then methane was produced. 
											4#$%%& + #( → $#*$%%& + 2#$%*&, $#*$%%& + #( → $#- + $%.																		(1) 
																															4#$%%& + 4#( →	$#- + 3$%. + 2#.%																																																								(2) 
3.2 Established Methanosaeta highly enriched in the formate spiked continuous reactors 
Since methane production volume was as expected, functional methanogens were considered to have increased 
at first. The changing trend of methanogens in the digesters was shown in the barplot (Figure 3-1b). It is 
interesting to find that established Methanosaeta was the only archaea genus that changed accompanied by 
formate spiking (Figure 3-3), which is surprisingly different to the theoretical hypothesis. At the starting 
operation stage (stage1), Methanosaeta had its established abundance of 1.22%, then it increased to 3.88%, 
sustained above 2.44% during the formate spiking period, finally with a markedly drop after seven days recovery. 
Tukey-HSD test further identified the significant difference (p<0.05) of the relative abundance of Methanosaeta 
between spiking period (stage2-stage4) and none spiking period (stage1 and stage5). It is well known that 
Methanosaeta is popularly functioned during the acetoclastic methanogenesis process, and it is an acetate 
utilization specialist (Smith and Ingram-Smith 2007). Consequently, accompanied by Methanosaeta increased, 
the only acetate was found in the daily effluent, as suggested in Figure 3-1a. The changing trend of acetate was 
inconsistent with formate spiking and methane production. These findings of the solely significant shifts of 
Methanosaeta and effluent found acetate suggesting that formate has been transformed into acetate in the 
anaerobic process.  
In details, one specific Methanosaeta (labeled as Methanosaeta#1) contributed most among all types of 
Methanosaeta, accounted for an average of 80% of Methanosaetaamong the treatment period. Methanosaeta#3 
also increased a little under treatment compared with the starting period, but always accounted for 16% of 
Methanosaeta. However, no increasing trend was found in Methanosaeta#2. The rare significance of 
Methanosaeta#2 and Methanosaeta#3 may suggest the critical function of Methanosaeta#1 in the digesters 
during the formate loading. Additionally, it was found that Methanosaeta#2 and Methanosaeta#3 showed a 
closer phylogenetic distance relation with Methanosaeta#1 (Figure 3-3). 
Moreover, methanogens belonging to acetate utilizing methanogenic group (Methanosacrinales) were not absent 
in the digesters, Methanosacrina existed in the digesters with extremely low relative abundance, 0.02% ~0.05%. 
Methanosarcina was suggested as more effective in using daily loading acetate and promoted more stable 
digestion than Methanosaeta, as suggested by (Conklin et al. 2006). It was also dominant in the mesophilic 
anaerobic digesters operated in the dairy farm (St-Pierre and Wright 2013). The stable low existence of 
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Methanosacrina may imply its non-function during the treatment, and the low competitiveness compared with 
Methanosaeta. 
Hydrogenotrophic methanogens, belonged to two formate utilizing methanogenic orders (Methanobacteriales 
and Methanomicrobiales), were precisely presented in the digesters. However, the abundance of 
Methanobacterium and Methanobrevibacter (belongs to Methanobacteriales) were at low levels, with relative 
abundance smaller than 0.5%. The levels of Methanospirillum (belongs to Methanomicrobiales) remained 
around 0.5% throughout the operational period. The consistent low dominant and variant of formate utilizing 
methanogens may suggest the rare function of hydrogenotrophic methanogenesis, which may also imply formate 
was not directly transformed into CH4 and CO2.  
3.3 Possible homoacetogens cooperated with established Methanosaeta 
A total of 2333 unique representative reads spanning the V4 hypervariable region of the bacteria, and archaeal 
16S rRNA gene was recovered from the three formate spiked continuous anaerobic livestock wastewater 
digesters. Firmicutes was the dominant phylum among 15 found phylum, constituted more than 30% of all 
detected reads (Figure 3-4), and it was mainly in part for family Peptostreptococcaceae, Clostridiaceae, and 
Turicibacteraceae. Synergistetes was the secondly ranked phylum, accounted for 13%~16% of all population, 
which was all from order Synergistales, family Thermovirgaceae, Dethiosulfovibrionaceae, and Synergistaceae. 
Bacteroidetes was the third-ranked phylum, with a proportion of 12%~16%, which was a small amount evenly 
distributed by population from order Bacteroidales. Verrucomicrobia and Proteobacteria were the subdominant 
groups, each comprising between 3% and 11% of the detections. These five bacterial groups represented 
approximately 73% ~ 80% of bacteria detected within the five samples.  
Representative bacteria sequences with relative abundance greater than 0.1% and existed in at least 3/15 samples 
were chosen in the Pearson correlation analysis with Methanosaeta#1 and Methanosaeta. Bacteria with a 
significant p-value smaller than 0.05 remained in the corrplot (Figure 3-5). Results showed that 
f_Clostridiaceae#8204 (representative sequence #8204 from family Clostridiaceae), o_TSBW08#2617 
(representative sequence #2617 from order TSBW0), c_noFP_H4#11418 (representative sequence #11418 from 
class noFP_H4), o_SHA-20#9649 (representative sequence #9649 from family SHA-20) were all positive 
correlated with Methanosaeta and Methanosaeta#1, with correlation value all greater than 0.5, p-value smaller 
than 0.01. It indicated that those bacteria fluctuated on a similar trend as Methanosaeta and Methanosaeta#1. 
Since Methanosaeta is the possible methanogen that metabolizes formate, correlated bacteria may imply their 
possible corporationswith Methanosaeta during the process.  
3.4 Legacy effects redirected the pathway selection 
For elucidating diversity relationship among bacteria, k-means clustering was applied in the later analysis. By k 
running from 1 to 10 to the relative abundance dataset, 4 clusters were best suggested by the minimal total within-
sum of squares (Figure S3-1). With k assigned at 4, the reduction in the total with-in sum of squares would 
decrease to near 0. Therefore, we choose k=4 as the microbial population clustering, some bacteria scattered in 
cluster 1, cluster 2 and cluster 3, while the most rests were grouped in cluster 4 (Figure 3-6a). The relative 
abundance in the first 3 clusters was much higher than cluster 4. The four clusters were gradually changing with 
the population abundance. It may indicate that the population within different clusters may have different 
ecological behaviors.  
Highly ranked communities with relative low-rank variance indicate the presence of legacy effects. Results 
showed that higher ranked taxonomic population could be consistently ranked high (Figure 3-6b), while the low 
abundance population was always at a low level in the digesters since raw data was used in the clustering, Figure 
3-6b was then plotted based on the corresponding standard deviation with its mean rank which was grouped 
based on the previous clustering results. The first 2 clusters contain the top-ranked population, and also with 
relative stable rank variations (Figure 3-6c), a goodness of fit with R2=0.86 suggested the higher ranked bacteria 
were more stable even a small number of the population are included. This does not mean top-ranked bacteria 
did not change, its relative abundance changed, but its abundance rank stayed top. That is to say, their rank 
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change was kept within a relative interval, the best was always the best. Methanosaeta#1 would be an excellent 
case to explain, as shaped in squared point in Figure 3-6b, it was at low rank andrelatively low standard deviation. 
Combined with previous results, Methanosaeta#1 outcompeted any hydrogenotrophic methanogens and was 
responsive to formate addition. They always stayed within the rank of top 11. On the contrary, lower ranked 
population always at a low rank, and their distribution likely showed a pattern of stochastic. Since their changings
were of relatively high-rank variance, which showed relatively higher rank standard deviation. No matter what 
this random fluctuation changes, they will not exceed a border and jumped into the array of the highly ranked 
population. As a consequence, no hydrogenotrophic methanogens excelled out during the treatment. 
Pathway redirection is not just the status changing between Methanosaeta and other hydrogenotrophic 
methanogens, homoacteogens should be the ideal bridge between them. Besides methanogens, a few bacteria 
stand out among thousands of them. Former found possible homoacetogens all presented in the first three clusters. 
Especially, f_Clostridiaceae#8204 (representative sequence #8204 from family Clostridiaceae), a top-ranked 
population found in the digesters (Figure 3-6b), was established at high rank during the historical stage and also 
sustained at a very low variance. Its situation was similar to Methanosaeta#1. However, it increased with formate 
adding which shows a relative clear linear pattern (Figure 3-7). Likewise, o_SHA-20#9649 and c_TSBW08#2617 
also showed similar trends (Figure 3-7). They were all clustered in the first 3 clusters with relative low rank and 
rank variance. In relative high abundance in the pre-spiking period, their relative abundance continued to increase 
with formate spiking. They may also take the same advantageous of their colonized priority as Methanosaeta, 
then helped Methanosaeta transform formate into acetate. Their non-coincidence existences may identify the 
existence of homoacetogenesis process in the digesters, the presence of homoacetogens may help understand 
redirection of the hydrogenotrophic pathway to the acetoclastic pathway. It would be those bacteria help to 
transform formate to acetate, and then the acetoclastic process happened, methane was produced then. 
Further evidence of newly setup batch reactors further demonstrated the legacy enhancement in the continuous 
reactors. As described, the same substrate, formate, was also used as the only substrate to enrich 
hydrogenotrophic methanogens from anaerobic digesters treating livestock wastewater waste. The livestock 
water was from continuous reactors, which was in the same composition at the starting period. However, the 
only difference is the history of the reactor, continuous reactors have more than nine years of history, while the 
batch reactors have everything new. As a result, archaea accounted for 84.6%, while 84.1% of them were from 
family Methanobacteriaceae. This revealed a highly enriched proportion of the methanogens. It was not 
surprising to find that Methanobacterium was the most abundant genus in the reactor, represented by two unique 
feature sequences (respectively 72.5% and 5.0%), totaled up to 77.5% of the total population. The second 
abundant population was Methanobrevibacter, which accounted for 6.3% of the total reads (Figure 3-8). Both 
Methanobacterium and Methanobrevibacter were known to utilize formate as carbon source, which further 
indicated the primary hydrogenotrophic function of Methanobacterium under formate treatment. However, none 
sequences of those cooperated bacteria found in the continuous reactors were found in the newly setup reactors. 




4. Discussion and Conclusion 
Our study on how the microbial community responded to the formate, an essential but least discussed substrate 
in the anaerobic digestion system, which reveals that the importance of historical contingency on the 
contemporary microbial community structuring.  
Formate has been recognized as a primary electron donor which can act independently of H2 during the 
methanogenesis procedure. Formate can also be the interchangeable electron donors of H2 during the catabolic 
process of methanogenesis. Similar to H2, it can be used by some hydrogenotrophic methanogens, even some 
hydrogenotrophic methanogens can use formate without the addition of H2. Therefore, discussion on what 
methanogens can make use of formate and what reasons influence the methanogenesis pathway selection is 
meaningful. We always speculate that formate would be prior utilized by hydrogenotrophic procedure, which 
not simultaneouslyhappened with the acetoclastic process. Therefore, other pathway selection and functional 
community could have been neglected during the research. In this study, formate was utlized by methanogens, 
and methane was produced as expected. Surprisingly, the functional methanogen was not hydrogenotrophic 
methanogen but acetoclastic methanogen. Methanosaeta, especially Methanosaeta#1, was found in the active 
population. This result was different from the experiment under the same treatment but in different digesters, 
while hydrogenotrophic methanogens were the most responsive, and little overlap of functional methanogens 
was found between the two treatments (Figure 3-9b). In addition to methanogens, acetate, not formate, was the 
main volatile fatty acids in the daily effluent from the triplicate digesters. It was a further indication of formate 
to acetate transformation. Furthermore, our previous experimental results showed that the established 
Methanosaeta#1 found under formate spiking were mainly in the same sequences with acetate spiking in the 
same reactors (Figure 3-9a), which mainly played the acetoclastic methanogenesis function.  
In addition, the connection bridge between the hydrogenotrophic pathway and the acetoclastic pathway was a 
group of bacteria, homoacetogenic bacteria. These bacteria were characterized as chemotropic, H2 and CO2 users, 
had high thermodynamic efficiencies in its metabolism. It could grow on one-carbon and multi-carbon 
compounds (Novaes 1986). Homoacetogens, such as Moorella thermoacetica, Moorella thermoautotrophica, 
could be functioned as very versatile anaerobes that convert a variety of different substrates to acetate as the 
primary end product (Diekert and Wohlfarth 1994). Clostridium ultunense was mentioned as the homoacetogenic 
bacteria, which grow autotrophically on H2/CO2 or carbon monoxide (CO) and/or heterotrophically on formate 
as sources of energy and carbon (Schink 1997, Schnürer et al. 1996, Xiao et al. 2017). (Gonzalez-Fernandez et 
al. 2015, Xiao et al. 2017) and (Schink 1997) also showed that Clostridium, a possible genus, would transform 
formate into acetate. They all showed the highest possible existence of formate-acetate conversion in the 
anaerobic environment. However, it is interesting that some possible homoacetogenenic bacteria existed, a good 
case is a population from family Clostridiaceae. Family Clostridiaceae contains the Clostridium genus, which 
has been identified as the critical homoacetogenic bacteria (Molitor et al. 2016). The enhancement of 
homoacetogensis can result in acetate increase happened under the H2 pressure. Microbial populations and 
operational conditions were the major factors that influence the metabolic pathways. However, our experiment 
showed the bacterial community at the starting time, and the operational conditions were all the same, how could 
that happen in our digesters, could that be any other factors we still have not paid attention to? 
As a consequence, the highly ranked population were most responsive but sustained at the top rank, which could 
be an indication of the influence of past community structure, here we preclude as legacy effects. “Legacy 
effects,” an ecology terminology, which was first applied to the plant study in the 1990s (Amaranthus and Perry 
1989, Molina and Amaranthus 1990, Perry et al. 1987), was more focused on rhizosphere “legacy.” Its core 
value was that the activity of the past potentially influences the current microbial ecology. It could also be 
explained that the current situation is a snapshot of one specific lifetime for a specific environment, and it is 
significantly imprinted by the abiotic or biotic conditions shaped during the pre-lifetime. Previous literature also 
summarized the mechanisms of the legacy effects were time-lags in species sorting and priority effects. Two 
mechanisms would result in four scenarios, no legacy effects, transient legacy effects, persistent legacy effects, 
and mixed scenario (Vass and Langenheder 2017). It has been widely studied in the field of soil, plant, forest, 
vegetation, land in the ecosystem. How can past ecology make optimal use of the available sources? To take 
advantage of the newly coming substrate, Methanosaeta, the “home” archaea in the digesters, cooperated with 
“home” homoacetogens, then transformed the contemporary sources into acetate, their preferable substrate. This 
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deeply revealed the vast extent of the pre-optimized microbial community has the priority in controlling the 
anaerobic digestion process. The recognized acetoclastic methanogenesis experts, Methanosaeta, was 
significantly increased together with the available substrate. However, the widely known formate utilization 
methanogens, hydrogenotrophic methanogens, did not increase. It could be that Methanosaeta was the early 
principal settler in the digesters, which has already formed the so-called monopolization power in resisting any 
other microbial community making use of the coming substrate and growing. By contrast, nothing related to the 
legacy effects was found in the newly setup batch reactors, even they had the same initial microbial community 
and the same substrate. It may be because the new environment was the same for most microbial population, 
nothing heritages functions were there for them. Therefore, the theoretically functional community, 
hydrogenotrophic methanogens, were enhanced and reinforced. 
Moreover, the legacy effects of homoacetogen was also found. On the one hand, “home” bacteria
f_Clostridiaceae#8204 (representative sequence belongs to phylum Firmicutes, class Clostridia, family 
Clostridiaceae) sustained at the high rank and low-rank variance. On the other hand, “home” bacteria and “home” 
methanogen coexisted and simultaneously worked together, which made the pathway redirected. 
In general, substrates, environmental parameters, and some other factors have been emphasized as the essential 
parameters, while in our experiment even those factors were the same, the results were entirely different. Much 
attention has been paid to snapshot experiment itself, but sometimes the vital factor, legacy effects, has been 
neglected. Therefore, in the research field of anaerobic digestion, how historical community structure would 









Figure 3-1 Figures of performance parameters. 
(a)Formate spiking concentration and effluent acetate concentration in the daily effluent from the digesters. 
Cross label with the straight line showing formate concentration in the spiking. Circle label with the dashed line 
indicating the concentration of acetate in the effluents. (b) Methane production during anaerobic treatment 
process with formate spiking. Results are means of triplicates with the error bars representing standard deviations. 
Triangle label with the straight line indicating the CH4 production level under formate spiking. Circle label with 





Figure 3-2 Barplot of methanogen relative abundance profile during the formate spiking. 
Data are means of triplicates samples. Methanosaeta#1 means #1 sequence variant is classified as Methanosaeta. 





Figure 3-3 The relationships between full-length archaeal 16S rRNA gene sequences and different Methanosaeta 
in the digesters explained by neighbor‐joining phylogenetic tree. 
The tree was plotted in MEGA7. Bootstrap value is shown next to the branches. The evolutionary distances were 
estimated with the Maximum Composite Likelihood method. The scale bar represented the number of 
substitutions per sequence position. The number indicated in the parentheses next to the sequence designations 
are GenBank accession numbers of the 16S rRNA gene sequences. 
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Figure 3-4 Phylogenetic tree describes the bacterial composition in the digesters. 
Results are means of triplicate digesters. It depicts the distribution from phylum to genus. Different branches 
and annotation background stand for different phylum. The more considerable annotation means the more 






Figure 3-5 Methanosaeta correlated bacteria found during the formate treatment in the continuous digesters. 
The stars ***, **, * respectively stands for p-value at significant level 0.001, 0.01, 0.05. The filling color stands 





Figure S3-1 K-means clustering of the microbial abundance results. 
a. Determining the optimal number of clusters for k-means clustering. Scree plot showing the elbow method 




Figure 3-6 Result of k-means clustering analysis of the taxonomic population. 
a. The distribution of the microbial abundance of the four produced clusters. X-Axis showing the relative 
abundance of the microbial community at sequence variant level. Y-Axis displaying the kernel density 
estimation. In this plot, the Gaussian kernel is drawn at every individual data point, and all of these curves are 
then added together to make a single smooth Gaussian density estimation. Since cluster 4 contains too many data 
points with an abundance near 0, the microbial community with relative abundance smaller than 0.0005 are not 
displayed in the plot for a better distribution visualization. The legend in this plot applies to b, c, and d. b. is the 
rank-based scatter plot, which shows the relation between the mean rank of microbial abundance and the standard 
deviation of microbial rank during the study period. Rank stands for the degree of abundance of each sequence 
variant in the sample. For example, if one sample contains 2000 sequences variants, rank=1 means the most 
abundant microbial community in the digester, rank=2000 represents the least abundant microbial community. 
X-Axis showing each sequence variant’s rank in the dataset, y-axis stands for the variation of each bacteria’s 
rank change. c. The scatter plot of the first three clusters. It shows the relationship between rank and the standard 
deviation of rank. r=0.86 with p<0.001 is the result of Pearson correlation analysis of the scattered points. The 
fitting curve is the linear fitting of the scattered points. The grey area is the standard error. d. is the zoomed-in 
plot of the high ranked and low variational microbial community. All of them belongs to cluster1, cluster2 or 







Table 3-1 Microbial community clustered into cluster 1, cluster 2 and cluster 3. 
cluster microbial community cluster microbial community 
cluster1 f_Thermovirgaceae#5997 cluster3 g_Syntrophomonas#8659 
cluster1 g_Turicibacter#384 cluster3 f_Peptostreptococcaceae#248 
cluster1 f_Peptostreptococcaceae#5678 cluster3 o_Bacteroidales#10870 
cluster1 f_Peptostreptococcaceae#6504 cluster3 o_Bacteroidales#10855 
cluster1 f_Clostridiaceae#8204 cluster3 f_Marinilabiaceae#11926 
cluster2 o_WCHB1-41#2931 cluster3 o_WCHB1-41#9737 
cluster2 g_Syntrophus#11271 cluster3 g_Treponema#1892 
cluster2 g_Methanosaeta#1485 cluster3 g_Acholeplasma#10603 
cluster2 g_Kosmotoga#3206 cluster3 o_Bacteroidales#11419 
cluster2 f_Bacteroidaceae#642 cluster3 o_WCHB1-41#10516 
cluster2 f_Pirellulaceae#4890 cluster3 f_Pseudomonadaceae#10146 
cluster2 f_Peptostreptococcaceae#4754 cluster3 f_RFP12#5167 
cluster2 o_Bacteroidales#3664 cluster3 f_Marinilabiaceae#11765 
cluster3 g_HA73#8178 cluster3 g_Sedimentibacter#10598 
cluster3 o_SHA-1#11750 cluster3 c_TSBW08#2617 
cluster3 g_Kosmotoga#30 cluster3 c_noFP_H4#11418 
cluster3 g_vadinCA02#6498 cluster3 g_Sphaerochaeta#4596 
cluster3 f_R4-41B#260 cluster3 o_Bacteroidales#5688 
cluster3 o_SHA-20#9649 cluster3 g_Syntrophus#8840 
cluster3 g_Syntrophomonas#9019 cluster3 g_Methanosaeta#7182 
cluster3 g_Clostridium#7567 cluster3 o_Clostridiales#6193 
cluster3 g_HA73#8425 cluster3 g_Methanospirillum#5213 
cluster3 g_Syntrophomonas#8713 cluster3 o_Bacteroidales#4907 
cluster3 f_R4-45B#9502 cluster3 g_Halomonas#684 
cluster3 g_HA73#12248 cluster3 o_WCHB1-41#497 
cluster3 f_Ruminococcaceae#6928 cluster3 f_RFP12#4190 
cluster3 o_Bacteroidales#3188 cluster3 g_Corynebacterium#366 








Figure 3-7 The changing trend of the possible homoacetogenenic bacteria with Methanosaeta. 





Figure 3-8 Phylogenetic distribution of the microbial community in newly formate batch reactors. 
 “g_Methanobacterium_2093, 72.5%” stand for the representative sequence from genus Methanobacterium and 






Figure 3-9 Methanogen composition comparison between acetate and formate treatment. 
Data are means of triplicate digesters. a. compares the archaea composition between formate and acetate spiking 
in the continuous reactors. “A” stands for acetate treatment, while “F” stands for formate treatment. b compares 
the archaea composition under formate treatment in different digesters. “C” stands for formate treatment in the 




Section B: Anaerobic Membrane Bioreactor Treatment for the Treatment of Recalcitrant Biofuel 
Process Wastewater 
Abstract 
Pyrolysis of lignocellulosic biomass is one of the options to produce biofuel as a renewable source of energy. 
The process wastewater from the catalytic pyrolysis of biomass contains a significant amount of soluble organic 
carbon, with the COD of such wastewater frequently exceeding 15,000 mg/L. The high organic content of the 
process wastewater presents an opportunity to recover energy using technologies such as anaerobic digestion. 
However, microbial activities underlying the anaerobic digestion processes could be hindered by the toxicity of 
certain wastewater constituents, including heterocycles, phenolics, and cycloalkane, as well as the high acidity 
of this type of wastewater. A laboratory-scale anaerobic membrane bioreactor (AnMBR) was developed to 
enrich microbial biomass both resistant to the toxicity and capable of converting the organics into methane. With 
the gradual increase in organic loading of the process wastewater, the AnMBR was able to remove >99% of 
COD loading with stable biogas production, which coincided with the dominance of Methanobacterium, 
suggesting the functional importance of hydrogenotrophic methanogenesis in the anaerobic metabolism of the 
wastewater organics. Other methanogen populations, including Methanosaeta and Methanomassiliicoccus, were 
also found at significant levels in the AnMBR, indicative of the need for functional diversity to support the 
degradation of diverse organic constituents in the process wastewater. More importantly, the prevalence of 
multiple syntrophic bacteria (Syntrophaceticus, Syntrophobacter, Syntrophomonas, Syntrophorhabdus, and 
Syntrophus) demonstrates the importance of syntrophic interactions in anaerobic treatment. 





Immense opportunities, such as the increasing awareness on low ecological footprint buildings, hydrogen-fueled 
cars, buses, and other transport machinery, have been offered on renewable energy (Nowotny et al. 2018). 
Biofuel is a vital source of renewable energy. In the first generation of biorefinery, biofuels dominantly refined 
from food stock, such as corn, vegetable oils. In the second generation, feedstocks shifted into lingo-cellulosic 
materials, such as residues from agriculture and forestry and energy crops, woodchips. Lignocellulose can also 
be renewable source of the biofuel production. It can help overcome the competition of increased food demand 
for the arable land, provide an alternative to petroleum dependent products, and contribute significantly to the 
global energy supply in the future. Thus, it contributes significantly to the energy security and allows a decreased 
influence on the environment (Jonsson et al. 2013).  
Biomass pyrolysis is a promising approach, which can help deconstruct lignocellulosic substrates to 
intermediates for upgrading to biofuel or aromatic chemicals (Black et al. 2016). During the biomass pyrolysis 
process, however, nearly nine times of water addition than biofuel are required to partition the biofuel from the 
aqueous stream (Vispute and Huber 2009). Therefore, a large amount of wastewater at high COD concentration 
and low pH with considerable amounts of compounds will be generated (Thomsen et al. 2009), which attributed 
to the toxicity of the wastewater. The anaerobic digestion process is a beneficial carbon recovery process. It 
requires minimum energy and chemicals, low excess sludge production, and the final product is methane that 
can be widely used for energy or hydrogen production in the integrated biofuels process. It has been proved to 
be capable of dealing with a large amount of industrial wastewater treatment (Lew et al. 2009). However, the 
anaerobic treatment process does not suffer from a wide variety of inhibitory substances, while they are present 
in substantial concentrations in wastes (Chen et al. 2008). Therefore, the high toxicity of biofuel wastewater is 
likely challenging to treat anaerobically. The impact of the toxicant is related to the amount of the compound 
and the amount of biomass (sludge) inside the reactors. Moreover, the toxicity and inhibition are intrinsically 
related to the process conditions (Chen et al. 2008). The predominant condition in anaerobic digestion is the 
microbiome adaptation of biomass. The absence of specific microbial populations results in the unbalanced 
anaerobic food web, which leads to metabolic imbalance and process failure. Thus, balanced anaerobic food web 
requires the right microbes with the correct quantity for each target substrate and intermediate. Therefore, we 
need to rapidly establish a microbial consortium, which is capable of effectively degrading biomass to methane. 
Anaerobic membrane bioreactor (AnMBR) can ensure complete solids retention and process stability, which is 
capable of handling high organic loadings and mixing intensities. The membrane in an AnMBR can offer 
advantages for slow-growing microorganisms with an increase in their retention ability (Svojitka et al. 2017). 
Poor retention of biomass in the reactor and high residual effluent pollution pose negatively effect on the 
industrial wastewater treatment (Lin et al. 2013). Our result showed that AnMBR has a strong capability in 
biomass retention and methane production. Thus, the present work aims to determine whether the operation 
strategies can help develop a group of microbial community to thrive and facilitate the biological conversion of 
biofuel wastes to methane. Therefore, the effort involved an investigation into what microbial populations can 




2. Materials and Methods 
2.1 Wastewater pre-treatment 
Since the biofuel wastewater is toxic to the anaerobic digestion process, biodegradable organics was used as the 
leading organic feed, and the biofuel wastewater was added to be co-digested. The biofuel wastewater was acidic 
(pH = 2.3), which was later neutralized with 10N NaOH before adding to the feed (800mL biofuel wastewater 
+ 24mL 10N NaOH). For the primary carbon source, oil (Soybean oil), alcohol (Beer), protein (Skim Milk) and 
carbohydrate (Starch) were added in the feed. Yeast extract and other micronutrients (Met Source AN & Granule 
Aid, River Bend Labs) were added. Alkalinity was added using NaHCO3 and KHCO3. The amount of each 
component in the 1 L feed is presented in Table 4-1. 
2.2 Anaerobic membrane bioreactor setup 
A laboratory scale AnMBR reactor was prepared in order to test the applicability of the biofuel wastewater for 
the methane production process. The schematic diagram of the AnMBR system is presented in Figure 4-1. A 
benchtop bioreactor from Eppendorf (Bioflo®&Celligen®310, Eppendorf) was used for the anaerobic reactor, 
and a cross flow tubular membrane fiber (X-flow, Pentair) was used as the membrane system to separate treated 
water from anaerobic sludge. Since the filtration type was a side stream and cross-flow type, no biogas scouring 
was applied. The seed sludge was provided from a biomethane system (Veolia).  
The bioreactor tank volume was maintained at 9-10 L and the feed flow rate was set at 2mL/min. The anaerobic 
reactor was maintained at 35°C (mesophilic digestion). Oxidation-reduction potential, pH, and temperature were 
continuously monitored, and two-level switches were equipped and connected to the feed and recirculation 
pumps in order to prevent any overflow or depletion of the tank. Two peristaltic pumps were installed for feed 
supply (Masterflex® L/S® Standard Digital Drive) and membrane recirculation (Masterflex I/P Precision 
Brushless Drive with head, 77410-10). The sludge wasting frequency was about 450mL per week, and the total 
reaction volume was 10L. The SRT was maintained at 156 days. 
One tubular membrane fiber was installed in the glass membrane housing and the sludge was pumped into the 
membrane at 2.55 L/min to maintain the shear velocity at 2m/s. The filtrate flow rate was maintained at 2g/min 
using the mass flow controller (mini CORI-Flow, Bronkhorst). At this filtrate flow rate, the membrane flux was 
calculated at 8.4 LMH. Three pressure transducers (IFM) were installed to monitor the inlet, outlet and filtrate 
pressure. Recirculation direction was reversed daily to mitigate the fouling on the membrane. CIP (Clean-in-
place) was conducted weekly using NaOCl and Citric acid. 
2.3 Chemical analysis 
Daily biogas production of the anaerobic digesters the primary parameter was used to evaluate the anaerobic 
performance, which was determined by the mass flowmeter (Alicat mass flow meter, MS-100SCCM-D/5M). 
Biogas component was measured using the Micro GC (3000A, Agilent). Chemical Oxygen Demand (COD) was 
measured using the COD test kit (COD TNTplus, Hach).  
2.4 DNA extraction and 16S rRNA amplicon sequencing 
Biomass samples were collected from the digesters periodically based on the loading rate. All samples were 
stored at -80 °C until DNA extraction. DNA extractions were performed using MP FastDNATM Spin Kit for Soil 
according to the manufacturer’s instruction (Protocol Revision #116560200-201608). Briefly, the biomass 
samples were resuspended in the 978 μl Sodium Phosphate Buffer solution and 122 μl MT Buffer, then followed 
by 100 seconds vortex on MP biomedical fast prep instrument. Then the DNA was purified with Zymo Genomic 
DNA Clean & ConcentratorTM-10 kit according to the instructions provided by the manufacturer. The DNA 
concentrations were determined using Thermo Scientific NanoDrop ND-3300 Fluorospectrometer. 
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Polymerase chain reactions were prepared with a cocktail mix containing 12.5 µL Phusion flash Master Mix, 10 
µL ultra-pure water, 1 µL forward primer, 1 µL reverse primer, and 2 µL (100 to 150 ng) DNA template. Each 
universal primer pairs were designed to target the V4 region of bacterial and archaeal 16S rRNA genes: forward 
primer 515F (GTGCCAGCMGCCGCGGTAA) with 5' Illumina adapter 
(AATGATACGGCGACCACCGAGATCTACAC), forward primer pad (TATGGTAATT), and forward primer 
link (GT); reverse primer 806R (GGACTACHVGGGTWTCTAAT), with adapter 
(CAAGCAGAAGACGGCATACGAGAT), link (CC), and a unique 12-base specific barcode for each sequence. 
The PCR program included one cycle of 94 ºC for 3 minutes, followed by 35 cycles at 94 ºC for 45 seconds 
(denaturation), 55 ºC for 1 minute (annealing), and 72 ºC for 1 minute and a half (elongation), a final extension 
at 72 ºC for 10 minutes, and then stored at 4 ºC. After the program finished, the samples were run on an Agilent 
2100 Bioanalyzer Instruments with Agilent DNA 7500 chips to ensure the amplicon quality and measure the 
DNA concentrations. Post PCR, amplicons were pooled (a set of 9 or 10) based on the peak height from Agilent 
DNA 7500 analyses and the concentrations were measured using KAPA Illumina kit for quantifying library 
(KK4824) from KAPA Biosystems. Samples were pooled again according to the results and number of 
sequences desired into a final one and the concentration was measured again with the KAPA quantifying kit. 4 
nM pooled libraries were diluted with 10 mM Tris/0.05% tween buffer (pH = 8.5) and denatured with 0.2 N 
freshly made NaOH solution. The sample was then combined with 20% PhiX control kit to increase the library 
diversity. The mixture was incubated at 96 ºC for 2 minutes using a heat block and then put into a water-ice bath 
for 5 minutes. After the sample was loaded, an Illumina MiSeq System with a MiSeq Reagent Kit v2 (300-cycles) 
and Metagenomic workflow was selected to execute the 16S protocol using the MiSeq Reporter software (MSR) 
at the University of Tennessee Genomics Core (UTGC). 
2.5 Sequencing data analysis 
The raw data were quality filtered by QIIME2. Briefly, pair-ended sequences were joined and denoised by 
DADA2. A mapping of feature sequences was summarized, and a pre-trained Naive Bayes classifier based on 
Silva 132 99% OTUs were used in the taxonomy analysis. Unique sequences classified from the DADA2 were 
labelled as sequence variants (SVs). All samples were sub-sampled randomly to the minimal read number among 





3.1 Test on compound composition for biofuel wastewater toxicity 
High COD concentration of the biofuel wastewater offers potential opportunity for anaerobic treatment. 
However, anaerobic digestor set-up requires the strict condition, such as pH, accumulation of organic acids, and 
etc., which could inhibit the biogas production and cause the unstable reactor performance. Therefore, we did a 
test to identify the biofuel wastewater compounds composition. As a result, the biofuel process wastewater was 
mainly detected with 295µg/mL of methanol, 386 mg/L formaldehyde, 237 mg/L acetaldehyde, 263 mg/L acetic 
acid and other organic compounds (Table 4-2). Such toxicity raised the problem of the anaerobic reactor set-up. 
Therefore, prior to the continuous operation of AnMBR treatment, the biofuel process wastewater was analyzed 
for toxicity by testing methane production in methanogenic cultures under various loadings of biofuel process 
wastewater.  
Different loadings of biofuel process wastewater, ie: 0.01, 0.02, 0.05, 0.1, 0.2 and 0.5 %(vol/vol), were amended 
into test reactors (Figure 4-2a). The control and treatment batch reactors at each loading rate were set in duplicate 
and incubated into 35oC. The biogas production and methane concentration were monitored continuously along 
the experimental period. With the increase of the biofuel process wastewater loadings, its inhibitory effects on 
methane production significantly increased (Figure 4-2a). With the loading rate of biofuel process wastewater at 
0.02% (vol/vol), methane production comparing with control reactors was reduced. When the biofuel process 
wastewater loading continuously got elevated, the methane production was totally ceased, which indicated that 
certain chemicals in biofuel process wastewater were severely toxic for microorganisms. Biofuel wastewater 
could cause serious inhibition in methanogenesis procedure with loading rates as low as 0.02% and could lead 
to a complete inhibition of methanogenesis with loading rate as 0.05% or above. 
Moreover, the comparison of methane-producing rate (microorganism growth rate) of reactors with different 
biofuel process wastewater loadings during the exponential phase also demonstrated the inhibitory or toxic 
effects clearly (Figure 4-2b). The methane production rates between control and treatment reactors with 0.01% 
biofuel process wastewater are similar, 2.05 and 1.98mL, CH4/hr, respectively. With the increase of biofuel 
process wastewater to 0.02%, however, the methane production rate decreases to 0.21mL/hr dramatically (Figure 
4-2b), which indicates that threshold of biofuel process wastewater spiked into anaerobic digesters without 
inhibitory effects on microorganisms is about 0.01% (vol/vol). Other loading rates above this value may cause 
severe inhibitions. From the evaluation of the toxicity test of biofuel process wastewater on anaerobic digestion, 
it indicates that the loading rate of this waste applied into anaerobic digestion should be well designed and 
monitored.   
3.2 Process adaptation to increased loading of toxicity biofuel process wastewater 
Anaerobic membrane bioreactor (AnMBR) was chosen as the model system to control the adaptiveness by 
gradually increasing biofuel wastewater retention time. In this study, we set up a laboratory scale AnMBR system 
to study the biomass to methane conversion. Based on the preliminary toxicity test result, a biodegradable 
supplemental feed was designed to provide enough buffering ability (alkalinity), various types of biodegradable 
carbon source (alcohol, fat, protein and carbohydrate) and nutrients to a diverse of microbial populations. 10M 
NaOH was neutralized with the biofuel wastewater, and the portions of biofuel wastewater in the feed were 
gradually increased from 0.02% to 1.8% (vol/vol).  
In the initial 2-month start-up study period, a low COD removal rate was found in the system. From T2, COD 
removal rate increased and gradual sustained at a stable state, suggesting the change of main microbial 
consortium. With 1-year continuous operation, we gradually increased the biofuel wastewater concentration, the 
portion of the biofuel wastewater was increased to 1.8% of total feed volume, which is 90 times the initial 
inhibitory level. Even though the portion of the biofuel wastewater was as low as 1.8% of the total volume, COD 
contributed to nearly 50% of the total COD feeding in the biofuel wastewater since the COD of biofuel 
wastewater was much higher than the COD of biodegradable wastewater. The COD in feeding of biofuel 
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wastewater was around 10,654 mg/L, and the COD of biofuel wastewater was around 5,000 mg/L. The COD 
concentration in the effluent was sustained at 1,200 mg/L after one year of slow acclimation. However, analysis 
of the AnMBR filtrate samples indicated that neither of these analytes present. If we assume that the COD of 
synthetic wastewater was completely consumed in the anaerobic process, it suggests that about 80% of biofuel 
wastewater was successfully converted to biogas. The daily COD removal rate was calculated using the daily 
COD feeding and permeate COD, and the results were compared with the actual daily COD loading rate (Figure 
4-3), which revealed that more than 90% of COD are converted to methane gas. 
The carbon source in the biofuel wastewater can be successfully recovered in the AnMBR system biologically. 
The designed AnMBR system improves the overall efficiency of the biofuel production. In this recovery 
procedure, the synthetic wastewater used in the mitigation of toxic biofuel wastewater together with supplied 
alkalinity, nutrients and biodegradable carbon source were essential conditions that can help convert biomass in 
the biofuel wastewater into methane. The adaptable microbial community is the core of the anaerobic biogas 
conversion process, which involves multiple stages, ie: hydrolysis, acidogenesis, acetogenesis, methanogenesis, 
etc., with main functions of specific microorganisms. Therefore, 16s rRNA sequencing analysis of microbial 
community was implemented at the eight-time points (Figure 4-3) representing different process stages, which 
aims at comparing microbial population changes in the anaerobic treatment process. 
3.3 Microbial community adaptation in anaerobic digestion 
To determine the temporal response of the microbial population to wastewater loading, the microbial community 
of the eight different process stages (Figure 4-4) were characterized by high-throughput sequencing. For 
characterizing the microbial community in response to increasing wastewater loading, principal coordinates 
analyses with a Bray−Curtis dissimilarity matrix was calculated as a measure of time gradual shift of population 
structure among the loading period. A general trend revealed by microbial community analysis was the gradual 
change in population structure for one-year loading of wastewater, which was plotted by two-dimensional graphs. 
The distinct distance between T1 and T2 indicates that the microbial communities in the two-time points changed 
considerably. The survived population may have strong adaptability of biofuel wastewater loadings, while 
decayed microbial could not be able to confront the environment. However, the differences among T2 to T8 time 
points become not significantly, which suggests the minor shift of the microbial communities during the gradual 
wastewater loading (Figure 4-4). It may further signify the higher adaptive capacity of the survived microbial 
community in T2.  
Correspondingly, estimates of population diversity, including Simpson, Shannon and Inverse Simpson, showed 
increasing trends from Stage 1 to 2, while the trend does not differ during the other stages (Table 4-3). These 
changes observed suggest that decreased diversity might be associated with the microbial ability to overcome 
wastewater perturbation caused by toxicity. It could also be concluded that only a portion of microorganisms is 
more likely to adapt itself to the anaerobic and toxic environment than others. 
3.4 Microbial populations with a significant response to increases of wastewater loading 
The changes in microbial community structure in response to wastewater loading was assessed from the phylum 
level (Figure 4-5). A significant change between T1 and T2 was found and could be mainly linked to the 
increased microbial consortium in Thermotogae, Chloroflexi, and Cloacimonetes in T2, while the decreased 
population in Synergistetes, Spirochaetes, and Firmicutes, and Bacteroidetes. However, the three increased 
phyla together accounting for greater than 60% of the microbial community in the later loading episodes. Thus, 
the decreased community diversity with some decreased population community observed after T2 in this study 
likely resulted in decreased functional diversity and redundancy, which subsequently signify the capacity of 
some bacterial community are not able to cope with unfavorable process conditions such as the transient addition 
of COD due to wastewater loading. In contrast, the considerably increased microbial consortium in T2 may 
suggest its strong capability to survive and thrive in the anaerobic wastewater feeding condition. It could be 
accused of some specific functions of these bacteria. 
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Despite the considerable changes in the community between T1 and T2, 85 SVs were identified through the 
seven stages, suggesting that these populations represented a core community for the anaerobic digestion of toxic 
wastewater. Therefore, we take an in-depth look into the abundant bacteria found during the treatment. The 
relative abundance higher than 0.5% was extracted (Figure 4-6). The most abundant populations at the SV level 
affiliated with SV100 from order SJA-15, class Anaerolineae and phylum Cloroflexi. Its relative abundance 
increased from 0.05% in T1 to 25.7% in T2, and with an increasing trend to 39.5% in T3. It was also found in 
other anaerobic studies, but the function is still unknown. However, Chloroflexi may have a crucial role in the 
granulation in methanogenic reactors due to their filamentous morphology (Bovio et al. 2019, Lee et al. 2018). A 
similar trend was exhibited by SV6 Geobacter, with the relative abundance rising from 3.8 % in T1 to 26.6 % 
in T2, and sustained at 17.9% in T7. In T8, another Geobacter SV207 increased from less than 1% in T4 to 13.8% 
in T8. It has been identified that Geobacter and Methanosaeta can stoichiometrically convert ethanol to methane 
(Rotaru et al. 2014). In addition, SV436 from genus Candidatus Cloacimonas, family Cloacimonadaceae, is 
sustained along the loading period. It is known (or suspected) to be anaerobic mesophilic acetogens (Lee et al. 
2018). However, some other SVs existed, such as SV14 from family Aerolineaceae, S50 wastewater-sludge 
group from family Rikenellaceae, SV633 from order Bacteroidales, SV13 from family Synergistaceae, existed. 
However, the function of these bacteria remains unknown since it can not be classified from a finer level. The 
similarities in population response to process conditions suggest common functional niches between these 
bacteria.  
3.5 Methanogens involved in the anaerobic conversion of biofuel process wastewater 
As methanogens as members of the archaea are among the microbial populations most sensitive to process 
disturbances in anaerobic digestion (Chen et al. 2012), the responses of archaeal microbial populations during 
the increased wastewater loading were further studied by 16S amplicon analysis to understand the responses of 
these populations to toxic wastewater loadings. 
16S amplicon sequencing analysis identified 24 archaeal SVs involved in the anaerobic digestion process. 11 
out of 24 SVs persisted throughout the anaerobic treatment period, representing more than 99% of the archaeal 
abundance in the wastewater loading archaeal community. The most abundant methanogen populations included 
Methanosaeta, Methanobacterium, and Methanomassiliicoccus (Figure 4-7). The diverse existence of 
methanogens suggested the diverse methanogenesis function in the anaerobic process. 
The most abundant methanogen is Methanobacterium (79.3%%±	5.6%), suggests the primary function of 
hydrogenotrophic methanogenesis procedure in the reactor.  It is interesting to find that 11 SVs belong to 
Methanobacterium existed, while these SVs show distinct phylogenetic distances among each other (Figure 4-
8). However, these Methanobacterium show distinct distance with Methanosaeta and Methanosiliicocuss. 
Methanobacterium could be the possible methanogen in transforming formaldehyde to methane since by a 
central metabolic intermediate of methylotrophic metabolism can help assimilation, dissimilation, and 
detoxification of large quantity of formaldehyde (Escalante-Semerena and Wolfe 1984). The persistence of 
Methanobacterium in AnMBR of this study raises the possibility that Methanbacterium-like organisms may 
function in a broader range. 
Methanosaeta accounted for 12.7%±	3% of archaea, which mainly was accounted by SV27. It is obligately 
anaerobic, gram-negative and non-spore forming rod with flat ends, and require acetic acid as the sole source of 
energy with the production of equimolar amounts of CH4 and CO2 as the metabolic end products. It suggested 
the existence of acetoclastic methanogenesis function in the reactor. In accordance, acetic acid was a main 
organic compound in the wastewater loading, while it is the main precursor of methane formation by utilizing 
the acid as a substrate. However, Methanosarcina was little detected in the AnMBR, could be attributed to the 
recalcitrant and toxic compounds (Ng et al. 2016) present in the lignocellulosic wastewater. 
Methanomassiliicoccus was on a steady increasing trend during the loading stages, from less than 1% in T1 to 
16% in T8. Methanomassiliicoccus can produce methane by reducing methanol with hydrogen as the electron 
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donor, and it is not able to produce methane when hydrogen or methanol only present (Dridi et al. 2012). Indeed, 
methanol is one of the most important organic compounds in the wastewater loadings.  
3.6 Syntrophic populations potentially involved in the anaerobic conversion of biofuel process 
wastewater 
While methanogens were the most prominent members of methanogenesis in the anaerobic digesters analyzed 
in this study, they are also closely associated with syntrophic bacteria that can oxidize VFAs (Mosbaek et al. 
2016). In particular, a diverse of syntrophic bacteria continuous identified along with the wastewater loading 
episode, including Syntrophaceticus, Syntrophobacter, Syntrophomonas, Syntrophorhabdus, and Syntrophus 
(Figure 4-9). 
Syntrophaceticus has the acetate-oxidizing ability to produce methane in coculture with hydrogenotrophic 
methanogens (Westerholm et al. 2010). Syntrophobacter can degrade propionate only in coculture with an H2-
using organism (Boone and Bryant 1980, Sedano-Nunez et al. 2018), while propionic acid was found in the 
wastewater loading. Syntrophomonas is a syntrophic butyric-oxidizing bacterium, which produces hydrogen 
and/or formate from the high potential electron donor, and is the thermodynamically unfavorable production of. 
It is capable of metabolizing butyric acid to acetic acid by the beta-oxidation pathway (Crable et al. 2016, 
McInerney et al. 1979), while butyric acid was a component in the wastewater feedings. Syntrophorhabdus was 
proposed to convert aromatic compound to acetate and hydrogen in associated with hydrogenotrophic 
methanogens (Leven et al. 2012). Various types of aromatic compounds persisted in the feeding wastewater, 
such as 2-Methoxyphenol, 2-Methoxy-4-methylphenol, phenol, 2-Methylphenol, 4-Methylphenol, 3,5-
Dimethylphenol, 3-Propylphenol, 3-Ethylphenol. Thus, the presence of syntrophy-related bacteria could be 






AnMBR is an efficient and sustainable option to convert recalcitrant biofuel process wastewater to renewable 
energy, methane. However, process unstable resulting from toxic wastewater loading has been one of the 
obstacles to the application of anaerobic digestion technology. Therefore, it is important to develop a pre-
treatment processes and operation strategies (feeding and acclimation) that can allow a group if microbial 
populations to thrive and facilitate the biological conversion of biofuel organics on anaerobic digestion processes. 
Using AnMBR treating recalcitrant wastewater as the model system, results from this study show that the 
microbial community thrived from gradually wastewater loading acquired population diversity, suggesting the 
development of enhanced functional diversity of some specific bacteria potentially beneficial to overcoming 
subsequent occurrences of higher substrate loading. 
With the gradual increase in organic loading of the process wastewater, the AnMBR was able to remove >90% 
of COD loading with stable biogas production, which coincided with the dominance of Methanobacterium, 
suggesting the functional importance of hydrogenotrophic methanogenesis in the anaerobic metabolism of the 
wastewater organics. Other methanogen populations, including Methanosaeta and Methanomassiliicoccus, were 
also found at significant levels in the AnMBR, indicative of the need for functional diversity to support the 
degradation of diverse organic constituents in the process wastewater. More importantly, the prevalence of 
multiple syntrophic bacteria (Syntrophaceticus, Syntrophobacter, Syntrophomonas, Syntrophorhabdus, and 




Appendix D: Figures and Tables 
Table 4-1 Components in the 1L feed.  
Components Amount in the 1L feed 
Soybean Oil (mL) 0.79 
Beer (mL) 18.59 
Starch (g) 0.99 
Skim Milk (g) 3.52 
Yeast Extract (g) 0.51 
NaHCO3 (g) 1.68 
KHCO3 (g) 2.00 
Met Source AN (mL) 1.10 
Granule Aid (mL) 0.24 





Table 4-2 Organic compound concentration in AnMBR feed. 
Organic compound Compound 
concentration(ppm) 
C content contributed to 
TOC(ppm) 
Ethanol 470 245 
Formaldehyde 386 154 
Acetaldehyde 237 129 
Methanol 295 111 
Acetic acid 263 105 
Furfural 65.9 41 
5-Methyl-2-furancarboxaldehyde 44.7 29 
Acetone 35.75 22 
Propionic acid 38.5 19 
2-Methyl-2-cyclopenten-1-one 10.9 8.17 
2-Methoxyphenol 9.13 6.18 
2-Butanone 8 5.3 
Butyric acid 8.3 4.53 
2-Methoxy-4-methylphenol 6.22 4.33 
Phenol 5.42 4.15 
Valeric acid 6.3 3.7 
1-(2-Furanyl)-ethanone 5.31 3.48 
2,3-Dimethyl-2-cyclopenten-1-one 3.93 3 
2,3,4-Trimethyl-2-cyclopenten-1-one 1.94 1.5 
2-Methylphenol 1.56 1.21 
4-Methylphenol 1.48 1.15 
3,5-Dimethylphenol 0.93 0.73 
3-Propylphenol 0.35 0.28 
3-Ethylphenol 0.19 0.15 
Hydroxyacetone — — 
3-Methyl-2-cyclopenten-1-one — — 
Hydoxyacetaldehyde — — 




Table 4-3 Microbial community diversity during an episode of wastewater loading. 
Time Point Shannon Simpson Inverse Simpson 
T1 3.59 0.94 17.38 
T2 2.83 0.85 6.69 
T3 3.03 0.88 8.36 
T4 2.96 0.86 6.97 
T5 2.91 0.83 6.00 
T6 2.88 0.84 6.14 
T7 2.97 0.86 7.29 











Figure 4-2 Pre-test of the biofuel wastewater. 
(a)Accumulative methane, CH4 production from pre-test digesters with biofuel wastewater at different loading 
rates. Colorful lines in the plot stand for the different loading rate of biofuel process wastewater. Control means 
no adding of biofuel process wastewater. 0.02 means 0.02% (vol/vol), the biofuel wastewater was diluted with 
the biodegradable organic solution as a volume ratio of 98 (nutritious feed): 0.02 (biofuel wastewater), others 
likewise.  (b) Methane production rates of batch reactors with different loadings of biofuel process wastewater 


























































Figure 4-4 Principal coordinates analyses of the samples. 
The analysis was performed using a Bray−Curtis dissimilarity matrix that described the time gradual shift of 









Figure 4-6 Abundant bacteria with relative abundance greater than 0.5% found in any sample during anaerobic 
treatment. 
Taxonomy labels were from the genus level, if this bacteria cannot be classified from the genus level, it was 
labelled at a higher level. eg. p_Armatimodes_sv184 stands for sequence variant (sv) 184 from phylum 






Figure 4-7 Microbial community change in anaerobic digestion.  
(a) The relative abundance of identified methanogen populations as determined by 16S rRNA gene sequences 
in anaerobic digestion. (b) Gradually change Methanosaeta sequence variant detected in the digester. (c) 
Gradually change of Methanomassiliicoccus sequence variant found in the digester. (d) High abundant 









Figure 4-8 Neighbor-joining phylogenetic tree showing the relationships of 16S rRNA gene sequences of 
Methanobacterium, Methanosaeta, and Methanomassiliicoccus. 
The numerical values at branch nodes indicate bootstrap values per 100 resamplings. The scale bar represents 














Section A: Rapid Change of Microbiome in Raw Sewage 
Abstract 
Sewage, an excellent representation of human fecal microbiome, is a pollution source of the urban waterbody. 
It is a widely used component of the source library in current source tracking study. It has been found that the 
human fecal microbial population can significantly decay when it enters into the natural environment, due to the 
low survival ability of these microbial community. Therefore, we hypothesized that fresher sewage could be a 
better microbiome assemblage in microbial source tracking. To investigate sewage microbiome assemblage 
shaped at different stages, 16S rRNA sequences from the pump station, WWTP influent, and 24-hour composite 
samples were detailed compared. Results showed that a subset of human fecal microbiome rapidly decayed in 
raw sewage, a group of non-fecal microbiome propagated in sewage conveyance system, and a group of human 
fecal microbiome thrived by sewage aging. Greater microbiome diversity arising with the aging and 
transportation of sewage in the natural environment, which reshapes the community composition of sewage. 
Non-overlaps of network hubs, nodes, and connectors were found among constructed RMT networks. Our results 
suggest that sewage from pump station and influent could be better microbiome pollution source in source 
tracking studies. And the persistence of some human fecal microbiome can be good indicators of newly polluted 
sewage in urban waters.  





More than 1 million miles of sewer lines, 16,000 wastewater treatment facilities are operating across the United 
States. However, sewer lines leakage is commonly found dues to the blockages, sewer breaks, improper 
construction or other reasons beyond the control. Such an infrastructure problem increases the risk of public 
health and aquatic organisms by way of exposure to sewage-contaminated natural water. Sewage contamination 
can cause a chronic problem, which is expressed in high abundance of commensal organisms in the urbanized 
area (McLellan and Eren 2014). Therefore, it is of great importance to address the microbiome pollution source 
of sewage. 
Microbiome source tracking combined with next-generation sequencing techniques has been recognized as an 
important technique in identifying pollution sources. Sewage is one of the most important pollution sources 
involved. To date, most studies have been focused on influent wastewater, treated wastewater, activated sludge. 
Bacteroidales (Haugland et al. 2010), Lachnospiraceae (Newton et al. 2011), and Clostridiales microbial 
communities have been constantly reported across different wastewater treatment plants influents (McLellan et 
al. 2010a). A group of core microbial community has been found in the activated sludge samples, which includes 
Ferruginibacter, Prosthecobacter, Zoogloea, Subdivision3_genera_incertae_sedis, Gp4, and Gp6, etc. 
However, little has been emphasized on the microbial composition difference of different types of untreated 
sewage. Sewage has been identified as a reflection of the human gut microbiome. Most human gut microbiomes 
are anaerobic, which are not able to survive in the natural environment for a long time. Only 10%~15% of sewage 
microbiome was found as human fecal origin under the comparison of sewage samples and human fecal samples 
from the Human Microbiome Project (Newton et al. 2015). Fecal indicator bacteria and human-associated 
markers in the wastewater show a decaying trend in a different environment, such as beach sand, seawater (Zhang 
et al. 2015a). Therefore, microbiome composition in sewage, a capture of the human fecal microbiome, may 
suffer changes after it was discharged and transported to wastewater treatment plants (WWTPs). Soil, greywater, 
and stormwater would import into the sewer system (McLellan et al. 2010b), which contribute to the community 
diversity in the sewer system. But how it does it change the sewage microbial community remains unknown. 
Recently Arcobacter, Acinetobacter, Aeromonas, and Trichococcus have been identified as a propagated 
microbial community in the sewer system by the comparison between sewage samples and sewer biofilm 
samples (McLellan and Roguet 2019). But these samples have not considered the impact of aging in a short 
period of time since the long transportation time among geographical sites is inevitable. 
In this research, we combined insights from 16S rRNA genes in three types of sewage and human fecal 
microbiome to identify taxonomy at the community level. We use sewage samples at different stages from the 
same treatment plants and human fecal microbial data sets to test the hypothesis that different type of sewage 
has its own assemblage. We evaluated whether microbial community change with its process variables and how 
the microbial community changes with the transportation and time effect. RMT network analysis and Lefse 
analysis were performed to figure out the keystone taxa. Together, these analyses aimed to identify the most 





2.1 Sampling sites selection and sample collection 
Sewage samples were collected from 6 wastewater treatment plant (WWTP) sites from across Knoxville, TN. 
Geographically, wastewater treatment plants and wastewater pumping stations distributed in and around 
Knoxville have been selected (Figure 5-1), which consists of Kuwahee wastewater treatment plant, Loves Creek 
wastewater treatment plant, Fourth Creek wastewater treatment plant, First utility wastewater treatment plant, 
Oak ridge wastewater treatment plant, London utility wastewater treatment plant, Lenior utility wastewater 
treatment plant. Pumping stations include three pump stations respectively connected with the Kuwahee 
wastewater treatment plant, Love Creek wastewater treatment plant, and Fourth Creek wastewater treatment 
plant.  
Sewage samples include 24 hours of sewage samples from multiple wastewater treatment plants, wastewater 
treatment plant pumping stations, and septage tanks. Composite samples and influent samples were collected 
according to each wastewater treatment plant’s standard collection procedures, which including single-time-
point grab samples to flow-weighted composite samples of 24 hours running time. Pump station samples were 
collected in each WWTP’s pump station, and samples were collected by one-time-grab from pump outlets. For 
better capture residential wastewater fingerprint, all one-time-grab samples were selected at 8:00 am. For 
excluding the stormwater influence on sewage, at least 72 dry hours were ensured before wastewater sampling 
day. Following sample collection, we transferred the samples to autoclaved Nalgene bottle and then placed the 
sample bottle in cooler with ice, and samples were transported to the lab within 4 hours.  
Sewage samples were mixed by shaking, and the microbial communities were collected by filtrating of enough 
wastewater onto membrane filters (Whatman glass microfiber filters 934-ah). For making sure of enough 
quantity and diversity of microbiome tracked, enough sewage was filtered until sewage cannot pass through the 
filter. All filters were stored in a 2-ml centrifuge tube at -80°C until DNA extraction. In addition, environmental 
parameters, including 5-day biochemical oxygen demand (BOD5), pH, and total suspended solids (TSS), BOD5 
were measured. were measured by YSI Oxygen Meter and YSI stirring bottle probes according to the standard 
methods (APHA, 2005). TSS and pH were also measured according to the standard methods.  
2.2 DNA extraction and 16S rRNA sequencing 
DNA extractions were performed using MP FastDNATM Spin Kit for Soil according to the manufacturer’s 
instruction (Protocol Revision #116560200-201608). Briefly, the biomass samples were resuspended in the 978 
μl Sodium Phosphate Buffer solution and 122 μl MT Buffer, then followed by 100 seconds vortex on MP 
biomedical fast prep instrument. Then the DNA was purified with Zymo Genomic DNA Clean & 
ConcentratorTM-10 kit according to the instructions provided by the manufacturer. The DNA concentrations 
were determined using Thermo Scientific NanoDrop ND-3300 Fluorospectrometer. 
Polymerase chain reactions were prepared with a cocktail mix containing 12.5 µL Phusion flash Master Mix, 10 
µL ultra-pure water, 1 µL forward primer, 1 µL reverse primer, and 2 µL (100 to 150 ng) DNA template. Each 
universal primer pairs were designed to target the V4 region of bacterial and archaeal 16S rRNA genes: forward 
primer 515F (GTGCCAGCMGCCGCGGTAA) with 5' Illumina adapter 
(AATGATACGGCGACCACCGAGATCTACAC), forward primer pad (TATGGTAATT), and forward primer 
link (GT); reverse primer 806R (GGACTACHVGGGTWTCTAAT), with adapter 
(CAAGCAGAAGACGGCATACGAGAT), link (CC), and a unique 12-base specific barcode for each sequence. 
The PCR program included one cycle of 94 ºC for 3 minutes, followed by 35 cycles at 94 ºC for 45 seconds 
(denaturation), 55 ºC for 1 minute (annealing), and 72 ºC for 1 minute and a half (elongation), a final extension 
at 72 ºC for 10 minutes, and then stored at 4 ºC. After the program finished, the samples were run on an Agilent 
2100 Bioanalyzer Instruments with Agilent DNA 7500 chips to ensure the amplicon quality and measure the 
DNA concentrations. Post PCR, amplicons were pooled (a set of 9 or 10) based on the peak height from Agilent 
DNA 7500 analyses and the concentrations were measured using KAPA Illumina kit for quantifying library 
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(KK4824) from KAPA Biosystems. Samples were pooled again according to the results and number of 
sequences desired into a final one and the concentration was measured again with the KAPA quantifying kit. 4 
nM pooled libraries were diluted with 10 mM Tris/0.05% tween buffer (pH = 8.5) and denatured with 0.2 N 
freshly made NaOH solution. The sample was then combined with 20% PhiX control kit to increase the library 
diversity. The mixture was incubated at 96 ºC for 2 minutes using a heat block and then put into a water-ice bath 
for 5 minutes. After the sample was loaded, an Illumina MiSeq System with a MiSeq Reagent Kit v2 (300-cycles) 
and Metagenomic workflow was selected to execute the 16S protocol using the MiSeq Reporter software (MSR) 
at the University of Tennessee Genomics Core (UTGC). 
2.3 Dataset construction and statistical analysis 
We downloaded human fecal samples (Caporaso et al. 2011) from Earth Microbiome Project, which was also 
sequenced using the hypervariable region 4 (V4) 16S rRNA sequencing protocol. Therefore, 202 human fecal 
samples were included for comparison of the human fecal fingerprint and sewage samples.  
Raw sequences data of human fecal samples and sewage samples were processed in QIIME2 DADA2 
respectively, resulting in unique 786 sequence variants in human fecal samples and 8243 unique sequence 
variants in sewage samples. Taxonomic composition of these sequence variants was explored by a pre-trained 
Naïve Bayes classifier on Greengenes 13.8 database, where the sequences were trimmed to bound by the 
515F/806R primer pair. Then we compared the sequence variants against the pre-trained classifier. Since human 
fecal sequences are in the single-ended format and sewage samples are in the pair-ended format, they were 
collapsed at genus/family level for comparison. Sequences were rarified by rarefy_even_depth in phyloseq R at 
10000 sequences for later analysis. A principal coordinate analysis (PCoA) was performed to evaluate the 
dynamics of microbial population among different sewage microbiome and human fecal microbiome.  
Phylogenetic trees were constructed from all representative sequences in QIIME2. In general, the pipeline uses 
the mafft program to perform a multiple sequence alignment of the sequences, then FastTree was applied to 
generate the phylogenetic tree from the masked alignment. Faith’s Phylogenetic Diversity (Faith’s D) was 
calculated thereafter under the sampling depth of 10000.  The phylogenetic distance between sequence variants 
was determined by their relatedness in the phylogenetic tree in picante package in R. Also, other alpha diversity 
index, observed OTU, Chao1, ACE and Fisher index, were calculated in phyloseq package in R.   
Alluvial plot was plotted in ggplot package in R, heatmap was plotted in heatmap.2 package in R. Network 
analysis was performed in the network analysis pipeline at http://ieg4.rccc.ou.edu/MENA/. We constructed 
networks according to sewage type, pump station sewage, influent sewage, and 24-hour composite sewage. The 
networks constructed were after that named as pump, influent, and composite. In brief, sequence variants with 
prevalent among 80% of total samples were kept in the network construction, missing data were filled with 0.01 
in blanks with paired valid values. Sequence variant counts were taken logarithm and analyzed by Pearson 
correlation coefficient (r). Random matrix theory (RMT) based algorithms were applied to determine the cutoff 
r value for all networks. Then global network properties, individual nodes’ centrality, module separation and 
modularity calculation, power-law models fitting, randomize the network structures were also analyzed in 
MENA pipeline. Therefore, a group of feature set, total number of nodes, total number of edges, average degree 
(avgK), centralization of degree (CD), average cluster coefficient (avgCC), average geodesic distance (GD), 
centralization of betweenness (CB), centralization of stress centrality (CS), density, number of modules, 
modularity  and R2 of power law (Deng et al. 2012), were calculated. Detailed network characters were described 
in Table 4-2. The networks were visualized in Cytoscape software.  
Multiple regression of distance matrices (MRM) was applied to evaluate the importance of community and 
environmental parameters for network topological feature in ecodist package in R. Network topological feature 
and environmental parameters were standardized with decostand function in vegan package in R. Euclidean 




3.1 Microbial community composition in sewage and human fecal samples 
We collected 15 pump station sewage samples, 15 influent wastewater samples, and 40 24-hour composite 
sewage samples in the same season. In order to ensure the quality of the read, all samples were rarefied at 10000 
depth, which retained 59 samples finally. We also collected 202 human fecal samples from EMP dataset. NMDS 
analysis of the microbial community provides estimates of sample relatedness among wastewater samples and 
human fecal samples, which showed that sewage samples behaved distinct different from human fecal samples. 
NMDS analysis further revealed that the bacterial community structure differed considerably among sewage 
samples (Figure 5-2). While three divergent clusters were found among three types of sewage samples, a minor 
decay distance of sewage samples to human fecal samples existed. Pump station samples showed the closest 
distance to human fecal, followed by the influent samples, while the 24-hour composite samples revealed the 
least one. The decay distance to sewage samples indicating that sewage may contain uneven richness and 
diversity in the microbial community. 
Comparison of human fecal samples and sewage samples from the family level (relative abundance greater than 
1% were retained) revealed a major microbial difference between human fecal samples and sewage samples 
(Figure 5-3). Among all abundant families, pump station samples got the highest abundance retained, influent 
ranked next to it, and composite samples were at the least level. It may suggest a more diverse bacteria existed 
in composite samples than pump station samples and influent samples. In comparison, seven families made up 
of nearly 98% of the human fecal microbiome, which suggests a low diversity of the microbiome. The most 
dominant taxa, Bacteroidaceace, accounted for more than 60% of the population. Ruminococcaceae and 
Lachnospiraceae respectively accounted for 20% and 15% of the total abundance.   
Sewage exhibited the effect of a microbial mixture of a group of the human fecal microbiome, while sewage 
samples showed a decreasing trend in human fecal microbiome fingerprint. Microbiome commonly existed in 
human samples are typically most abundant in pump station samples, with more than 91% of human fecal 
contained families exist. Influent sewage samples got less than 89% of human fecal families, while composite 
samples were at the lowest level with 87% (Figure 5-4). It may imply that some human fecal microbiome decay 
in sewage transport. However, further alpha diversity analysis found that sewage showed an increasing trend in 
alpha diversity during transport (Figure 5-5). They have observed OTU, Chao1 index, ACE and Fisher index 
consistently explicit the highest diversity level in the composite sample, the lowest level in pump station samples. 
It could be attributed to the decay of specific bacteria but an increase of some other propagated bacteria. The 
human fecal microbiome was in lower diversity than sewage samples (McLellan et al. 2010a). Therefore, it is 
reasonable to find that pump station samples are at the lowest diversity compared to the other two types of 
sewage. The longer time sewage discharged in the natural environment; the more additional microbiome inputs 
will be.  
Additionally, Pearson correlation analysis between environmental parameters (including BOD5, TSS, VSS, pH) 
and diversity index was performed (Figure 5-6), which disclosed a positive relation between BOD5 and alpha 
diversity index (p<0.001), and BOD5 has a significant positive relation with VSS (p<0.001, r=0.64).  Therefore, 
the higher diversity of sewage microbiome, the higher BOD5, and VSS of sewage.  
3.2 Effects of transportation and aging on sewage microbiome 
The microbial community in pump station and influent contains a unique group of bacteria that are distinct from 
the composite microbiome. As sewage was storage for 24 hours, fecal components decreased and became 
dominant by non-fecal microbiome (Figure 5-7). Bacteroidaceae, Campylobacteracea, Flavobacteriaceae, 
Prevotellaceae, Rhodocyclaceae, Weeksellaceae and Ruminococcaceae were significantly found in pump station 
and WWTP influent, while little was found in composite samples. Among these families, Bacteroidaceae, 
Ruminococcaceae, and Prevotellaceae are the important human fecal-associated taxonomy. Flavobacterium was 
the only bacteria found in Flavobacteriaceae (belongs to Bacteroidetes), while a variety of species were found, 
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consisting Flavobacterium succinicans, Flavobacterium frigidarium, Flavobacterium gelidilacus, 
Flavobacterium columnare, and others. Rhodocyclaceae phylogenetically affiliated with the Betaproteobacteria, 
Uliginosibacterium, Dechloromonas, Zoogloea, Azospira, Azoarcus, Dok59, Candidatus Accumulibacter, 
Sulfuritalea, Hydrogenophilus, Propionivibrio, Sterolibacterium, K82, C39, Thauera, Azovibrio, Petrobacter, 
Rhodocyclus were found in sewage. Weeksellaceae belongs to Bacteroidetes, genus Wautersiella, 
Cloacibacterium, Chryseobacterium, Elizabethkingia, Ornithobacterium, Riemerella, Weeksella, and  
Bergeyella were frequently found in wastewater (Stadler et al. 2018). On the contrary, Lachnospiraceae, 
Leptotrichiaceae, and Streptococcaceae showed an increasing trend with the aging of sewage, which may 
suggest the enrichment or additive source of this microbiome. Lachnospiracea, affiliated with Firmicutes, is one 
of the most abundant groups of fecal bacteria in sewage, while the distribution of human fecal Lachnospiraceae 
can be reflected by sewage. Leptotrichiaceae belongs to Fusobacteria, Leptotrichia was the most abundant genus 
found, it is a part of the microbiome in the oral cavity, human female genitalia, and intestine (Gao et al. 2016). 
Furthermore, Moraxellaceae and Comamonadaceae existed relative stable among three types of sewage 
Acinetobacter, and Enhydrobacter is the top-ranked two genera in Moraxellaceae, while Acidovorax and 
Comamonas abundantly exist in Comamonadaceae. 
The microbial community in different types of sewage contains a unique assemblage of bacteria that are distinct 
from each other. Heatmap with hierarchical clustering by average linkage agglomeration method disclosed the 
genus distribution pattern among them (Figure 5-8). The significant different cluster was found between 
composite and influent/pump station samples, while pump station samples and influent samples also showed 
different patterns. Significant abundant of Ruminococcus, Bacteroides, Prevotella, Zoogloea, Faecalibacterium, 
Coprococcus and Roseburia were found in the pump station. Except for Zoogloea, others all belong to the human 
fecal origin. The extensive decay of some fecal bacteria suggests the unadapbility of some fecal originated 
bacteria. Ruminococcus is host-associated bacteria, while very few Ruminococcus are consistently found in the 
natural environment (La Reau et al. 2016). Bacteroides and Prevotella cannot survive for a long time since 
environmental conditions make it not adaptable. 
Similarly, Bacteroides species and Prevotella species have been regarded as markers of recent fecal pollution 
since the survival period of Bacteroides was shorter than fecal coliforms and enterococci (Balleste and Blanch 
2010), and they have little potential for growth or persist in the natural environment (Kreader 1998). 
Faecalibacterium, Coprococcus, and Roseburia are butyrate-producing bacteria, phylogenetically affiliated with 
Clostridia. Faecalibacterium only contains one species, Faecalibacterium prausnitzii; an anaerobe widely exists 
in the human gastrointestinal tract. However, little has been studied on the survival ability of Coprococcus and 
Roseburia in the natural environment.  
However, when sewage was transported from the pump station to WWTPs, pump station abundantly existed 
bacteria decayed in a large degree, Cloacibacterium, Arcobacter, Macellibacteroides, Flavobacterium, 
Streptococcus, Comamonas, Acidovorax, and Enhydrobacter increased. Except for Streptococcus, the other 
three are all not human originated. Cloacibacterium was typically wastewater bacteria, specifically, the key 
functional bacteria of the anaerobic environment of textile dyeing industry wastewater (Zhang et al. 2017a). 
Arcobacter, planktonic bacteria, which can use nitrate as the terminal acceptor and tolerate to sediment condition. 
In our study, most Arcobacters belonged sequence variants are classified as Arcobacter cryaerophilus. It could 
be caused by the water temperature; all sewage samples were sampled in winter. Cold water seems to favor 
Arcobacter cryaerophilus compared with other species of Arcobacter (Levican et al. 2014). Macellibacteroides, 
the only species Macellibacteroides fermentans found in sewage, is a novel obligately anaerobic, non-spore-
forming, rod-shaped mesophilic bacterium, but little has been studied on it. Comamonas is versatile in degrading 
aromatics. It is also a versatile denitrifier (Ma et al. 2015). The rising relative abundance in influent sewage 
could be related to increasing concentration of aromatics or increasing of concentration of organic compounds. 
Acidovorax, an important denitrifying microbial community in WWTP (Lim et al. 2005),  was formerly found 
as dominant bacteria in the anaerobic manhole. Enhydrobacter is rarely studied, which only found in primary 
influent sewage (Shanks et al. 2013).  
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Furthermore, 24-hour composite samples contained significantly increased genus in Acinetobacter, Leptotrichia, 
Lactobacillus, Blautia, Bifidobacterium, Lactococcus, Collinsella, [Rumincoccus], Paracoccus, and 
Rhodobacter. Most of these bacteria are human originated bacteria, which is consistent with former literature. It 
identified that human gut microbiome could survive, grow, and reshape a new assemblage of sewage 
environment. Blautia has been found as an ideal human fecal pollution biomarker, which can evaluate the amount 
of human influence (Koskey et al. 2014). Bifidobacterium, especially Bifidobacterium adolescents, has been 
used as human-associated markers in microbial source tracking (Jeanneau et al. 2012), which more related to 
recent sewage contamination (Carrillo et al. 1985). Lactococcus is in low abundance in human fecal samples, 
while is enriched in 24-hour samples, which indicates the natural aerobic environment may provide advantages 
to their adaptation and survival (Liu et al. 2015).  
Also, Lefse analysis was performed by first analyzed all sequence variants under Kruskal-Wallis test, while 
sequence variants violated the null hypothesis are further analyzed by the pairwise Wilcoxon test to check all 
pairwise comparisons between subclasses within different classes significantly agree with the class level trend. 
Finally, the resulting subset of vectors was used to build a Linear Discriminant Analysis model from which the 
relative difference among classes is used to rank the features (Segata et al. 2011). As a result, 23, 13, and 11 
biomarkers were found in a pump station, wastewater treatment plant influent, and 24-hours composite samples 
(Figure 5-9). Interestingly, consistent with previous results, top abundant sequence variants respectively belong 
to Bacteroides, Prevotella, and Acinetobacter were found on a steady decreasing trend along with the transport 
and the aging of sewage (Figure 5-10). An increasing trend of sequence variants from Flavobacterium, 
Cloacibacterium, Streptococcus, and Arcobacter were found in influent but composite samples, which suggests 
the propagation of this microbiome in urban sewer conveyance system. Interestingly, the abundance of different 
Bifidobacterium was uniquely higher than pump station sewage and influent sewage, which suggests the 
consistent survival characteristics of Bifidobacterium. 
3.3 Analysis of network characteristics and community/process variables 
Different sewage samples were categorized into a network, which resulted in pumping station network, influent 
network, composite network. Network topological features were shown in Table 5-1. The networks expressed 
scale-free, small world, and modularity, which is consistent with former results. The three networks fit the power 
law distribution very well, suggests some sequence variants can be connected well with others, indicating the 
scale-free character. Small-world behavior was observed in the constructed networks, which indicated by the 
significant different value of average geodesic distance (GD) and average clustering coefficient (avgCC) in 
empirical networks and random networks. For modularity, randomized networks showed lower modularity 
values than empirical networks, which suggested the modularity of networks.  
Within-module connectivity (zi) and among-module connectivity (Pi) define the topological roles of nodes. The 
within-module connectivity characterizes within module connectivity, while the among-module connectivity 
illustrates between module connectivity. Four classes, peripheral nodes (zi   2.5, Pi   0.62), connectors (zi  
 2.5, Pi > 0.62), module hubs (zi  > 2.5, Pi   0.62) and network hubs (zi  > 2.5, Pi  > 0.62). Peripheral nodes 
represent specialists whereas the other three are generalists  (Deng et al. 2012). Among the three networks, each 
network contains network hubs, module hubs, and connectors (Table 5-2). A total of 9 sequence variants were 
identified as module hubs (Figure 5-11), but none of them were classified as module hubs among any two 
constructed networks, which suggests the unique assemblages of each type of sewage. Likewise, none of the 
connectors identified overlaps among different networks, suggesting each sewage microbiome change 
dynamically. Most network hubs, module hubs, and connectors were from phyla Bacteroidetes, Firmicutes, and 
Proteobacteria.  
Furthermore, the correlations of microbial community composition/environmental variables with network 
topological features were performed by MRM analysis (Figure 5-12). In the MRM model, microbial population 
characteristics, including alpha-diversity index and phylogenetic diversity, and sewage environmental variables 
including BOD5, pH, and TSS, were included in the analysis. Results showed that phylogenetic diversity, BOD5, 
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and pH were the most critical variables correlated with phylogenetic diversity. Moreover, network topology 
(density and transitivity) correlated with BOD5, pH, and alpha diversity index (Fisher index).  
4.Conclusion 
Sewage from the pump station, WWTP influent and 24-hour composite samples were collected, while human 
fecal microbiome samples were downloaded from Earth Microbiome Project. 16S rRNA technique was applied 
in identifying the microbiome assemblage differences in sewage.  Results showed that different types of sewage 
receive a different proportion of microbiome mapping from human fecal samples, which suggests the possible 
decay of human fecal population in sewage. The principal component analysis also revealed the microbiome 
structure difference among human fecal samples and different sewage samples. Microbial community change 
was also expressed in alpha diversity difference, which showed the increasing diversity from the pump station 
to 24-hour composite samples. The diversity index showed a significant positive correlation with BOD5, while 
BOD5 significantly positive correlated with VSS. The diversity change was mostly expressed in the decay of 
some human fecal microbiome from the pump station to influent, including Ruminococcus, Bacteroides, 
Prevotella, Zoogloea, Faecalibacterium, Coprococcus, and Roseburia. However, accompanied by decreased 
microbiome, Cloacibacterium, Arcobacter, Macellibacteroides, Flavobacterium, Streptococcus, Comamonas, 
Acidovorax, and Enhydrobacter increased. Furthermore, 24-hour composite samples got increased abundance 
of the genus in Acinetobacter, Leptotrichia, Lactobacillus, Blautia, Bifidobacterium, Lactococcus, Collinsella, 
[Rumincoccus], Paracoccus, and Rhodobacter. Such pattern was further confirmed by Lefse analysis, which 
showed that top abundant sequence variants from Bacteroides, Prevotella, and Acinetobacter were identified as 
biomarkers in pump station samples, Flavobacterium, Cloacibacterium, Streptococcus and Arcobacter in 
influent, and Bifidobacterium in 24-hour composite samples. Finally, RMT networks were constructed for each 
type of sewage. Non-overlap was found among networks, which suggests the independent assemblage of the 
microbiome in sewage at different stages. Furthermore, in coincide with former results, the network topology 




Appendix E: Figures and Tables 
Table 5-1 Topological features of the empirical molecular ecological networks in comparison to random network.
networks Empirical networks  Random networks 
Network nodes  R
2









pump 179 0.922 4.99 0.104 0.701 4.149 ± 0.077 0.023 ± 0.009 0.572 ±0.011 
 influent 157 0.855 4.267 0.258 0.486 3.149 ± 0.055 0.112 ± 0.017 0.401 ± 0.007 
composite 112 0.662 3.27 0.254 0.481 2.924 ± 0.058 0.156 ± 0.020 0.392 ± 0.010 
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Domain Phylum Class Order Family Genus Species 
pump sv42973 network hub Bacteria Bacteroidetes Bacteroidia Bacteroidales Prevotellaceae Prevotella Unclassified 
sv44854 module hub Bacteria Bacteroidetes Bacteroidia Bacteroidales Bacteroidaceae Bacteroides Unclassified 
sv4357 module hub Bacteria Bacteroidetes Bacteroidia Bacteroidales Porphyromonadaceae Paludibacter Unclassified 
sv42873 module hub Bacteria Bacteroidetes Bacteroidia Bacteroidales Unclassified Unclassified Unclassified 
sv50537 module hub Bacteria Proteobacteria Betaproteobacteria Burkholderiales Unclassified Unclassified Unclassified 
sv4282 connector Bacteria Proteobacteria Epsilonproteobacteria Campylobacterales Campylobacteraceae Arcobacter Unclassified 
sv32581 connector Bacteria Firmicutes Clostridia Clostridiales Peptostreptococcaceae Proteocatella sphenisci 
sv46237 connector Bacteria Proteobacteria Betaproteobacteria Neisseriales Neisseriaceae Vitreoscilla Unclassified 
influent sv41716 network hub Bacteria Bacteroidetes Bacteroidia Bacteroidales Prevotellaceae Prevotella copri 
sv40151 network hub Bacteria Proteobacteria Epsilonproteobacteria Campylobacterales Helicobacteraceae Unclassified Unclassified 
sv25892 module hub Bacteria Firmicutes Clostridia Clostridiales [Acidaminobacteraceae] Fusibacter Unclassified 
sv6124 module hub Bacteria Proteobacteria Alphaproteobacteria Caulobacterales Caulobacteraceae Brevundimonas diminuta 
sv38993 module hub Bacteria Proteobacteria Betaproteobacteria Burkholderiales Comamonadaceae Acidovorax Unclassified 
sv32563 module hub Bacteria Bacteroidetes Bacteroidia Bacteroidales Bacteroidaceae Bacteroides caccae 
sv38212 connector Bacteria Firmicutes Bacilli Lactobacillales Streptococcaceae Streptococcus minor 
sv46679 connector Bacteria Proteobacteria Betaproteobacteria Rhodocyclales Rhodocyclaceae Propionivibrio Unclassified 
sv52566 connector Bacteria Bacteroidetes Bacteroidia Bacteroidales Unclassified Unclassified Unclassified 
composite sv41095 network hub Bacteria Firmicutes Clostridia Clostridiales Lachnospiraceae Blautia Unclassified 
sv15862 module hub Bacteria Fusobacteria Fusobacteriia Fusobacteriales Leptotrichiaceae Leptotrichia Unclassified 
sv42197 module hub Bacteria Unclassified Unclassified Unclassified Unclassified Unclassified Unclassified 
sv20134 connector Bacteria Firmicutes Clostridia Clostridiales Lachnospiraceae Unclassified Unclassified 
sv47034 connector Bacteria Proteobacteria Betaproteobacteria Neisseriales Neisseriaceae Unclassified Unclassified 
sv28931 connector Bacteria Proteobacteria Alphaproteobacteria Rhizobiales Rhizobiaceae Agrobacterium Unclassified 
sv2128 connector Bacteria Firmicutes Clostridia Clostridiales Lachnospiraceae Blautia Unclassified 
sv22664 connector Bacteria Firmicutes Clostridia Clostridiales Veillonellaceae Megasphaera Unclassified 





Figure 5-1 Sampling points selected in the studied wastewater treatment plants and wastewater pumping stations. 






Figure 5-2 Sample relatedness of wastewater and human fecal microbiome at the genus level. 
NMDS analyses were performed using unifrac dissimilarity matrix, which describes the relatedness of different 
types of wastewater and human fecal samples. Fecal stands for human fecal samples. Composite stands for flow-
weighted composite samples taken over a 24-h period. ‘Influent’ stands for single-time-point grab samples from 
wastewater treatment plant influent. Pump stands for single-time-point grab samples from wastewater pump 





Figure 5-3 Taxonomy distribution of top abundant families in the human fecal samples and the pooled sewage 
samples. 
The microbial community (relative abundance greater than 2%) in the sewage data set represents the total 





Figure 5-4 Taxonomy mapping ratio of all classified families in the human fecal samples and the pooled 
wastewater samples. 





Figure 5-5 Alpha diversity measure of different types of wastewater samples. 












Figure 5-7 Comparison of pump station wastewater samples, influent wastewater samples and composite 





Figure 5-8 Heatmap is showing the pattern difference among wastewater samples. 
Hierarchical cluster analysis on a set of dissimilarities and methods for analyzing the dataset, the agglomeration 


























Figure 5-10 Results of top abundant bacteria found as biomarkers in each type of wastewater by Lefse biomarker 
discovery analysis. 
The analysis was performed by first analyzed all sequence variants under Kruskal-Wallis test, while sequence 
variants violated the null hypothesis are further analyzed by the pairwise Wilcoxon test to check all pairwise 
comparisons between subclasses within different classes significantly agree with the class level trend. Finally, 
the resulting subset of vectors was used to build a Linear Discriminant Analysis model from which the relative 
difference among classes is used to rank the features. As a result, 23, 13, and 11 biomarkers were found in a 
pump station, wastewater treatment plant influent, and 24 hours composite samples. Boxplot only displays the 
top abundant ones. Red square part is biomarkers in composite samples, green square part covers pump station 





Figure 5-11 Subnetworks of each type of sewage. 
a. pump station sewage; b. WWTP influent sewage; c. 24-hour composite sewage 
The networks only displayed the network hubs, network module hubs and network connectors (squared nodes) with its first neighbours (yellow circle 


















Figure 5-12 Relation between network characteristics and microbial composition, environmental variables. 
(a) The contributions of variables related to network characteristics, (b) Pearson correlation between community 
composition or process variables and network features. 
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Section B: Stream Microbial Population in Response to Human Impact: A Perspective of Microbial 
Ecology 
Abstract 
The microbial community play essential roles in stream physiological function. Evaluating their responses to 
human disturbance is of great importance in ecological microbiology study. Here, we consider that the microbial 
changes in urban streams induced by human perturbations are pollution source oriented, which makes a healthy 
stream to an unhealthy state. The result verifies ‘Anna Karenina principle’ for stream water microbiomes, in 
which impacted stream water microbiome vary more than pristine streams—similar to Leo Tolstoy's dictum that 
“all happy families look alike; each unhappy family is unhappy in its own way.” The unhappiness in the stream 
is caused by different degree/type of human impact. The impact degree on stream water is assessed by microbial 
source tracking. Application of SourceTracker to stream water microbiome identified that sewage is a significant 
contaminant to stream baseline. The unhappiness in the stream baseline is identified by the prevalent of some 
sewage bacteria. The high concentration of E.coli and total coliform could arise from sewage contamination. 
MRM analysis reveals that the higher concentration of E.coli and total coliform relates to the lower microbial 
diversity. However, the main unhappiness in post-storm stream water by cause of stormwater runoff and sewage. 
Levels of coliform concentration in stormwater runoff reach far from the recreational water quality standards. A 
comparable level of E.coli and total coliforms in stormwater runoff and stream water signifies the integration of 
stormwater and stream water. In addition, land use could be an essential factor that influences the microbial 
community assemblage, which needs to be further studied. In contrast to unhappiness, stream happiness is 
embodied in the low variation of the microbial community in pristine streams. Lastly, even though human have 
profoundly influenced the stream ecological state, urban streams still reserve a group pristine microbiome 
consortium, which could be attributed by the resilience ability of the natural system. 





Microbial populations play significant roles in stream ecosystems, which influence core processes in stream 
nutrient cycles (Findlay 2010). However, fecal contamination of surface waters is a continuous environmental 
problem which threatens ecosystems and human health risks in the United States (USEPA 2009). Clean Water 
Act Section 303(d) has been listed that an alarming amount of the United States rivers/streams (46%) are not 
safe for fishing and swimming according to the National Water Quality Inventory 2017 Report. Numerous 
sources contribute to fecal pollution, such as sewage, pavement runoff, animal feces, and others. Sewage leakage, 
caused by unhealthy urban plannings, has long been considered as the most critical point pollution (Lee et al. 
2015, Pennino et al. 2016), which poses a severe risk to the health of the ecosystem. However, detection of leak 
sewers has always been a problem in urban water management, since sewage microbiome is of great variability 
(Mattioli et al. 2017), and only a few sewage markers are available to date (Dvory et al. 2018). In addition, 
pavement runoff is another critical cause of the degradation of the water environment (Petrucci et al. 2014). It 
has been suggested that land-use, the impervious surface material types in transportation and construction, could 
influence the pavement runoff status (Fraga et al. 2016, Gnecco et al. 2005, Ibekwe et al. 2016). Therefore, the 
complexity of the source environment makes microbial source tracking even more urgent and complicated.   
Source tracking has been discussed for a long time in assessing the fecal contamination of water contamination, 
such as E.coli, Enterococcus (Anderson et al. 2005). Traditional plate counting method can only distinguish 
fecal inputs or not, which is not available in source type identification. Then the qPCR method with different 
biomarkers, which is capable of identifying a variety of fecal sources, such as human, wastewater, animal-based 
markers (Kildare et al. 2007, Shanks et al. 2009, Yang et al. 2015). It has also been identified to be capable of 
figuring the contamination level of different sources. However, it has not been standardized (Mayer et al. 2016), 
and only a limited number of markers are available. Luckily, 16S rRNA amplicon sequencing method provides 
a new method, which comprehensively surveys the microbial populations with detailed information of amplicon 
sequence reads number. SourceTracker was developed to estimate the proportion of possible sources to the 
designated samples. It combines the Bayesian method in compliance with Gibbs sampling and Dirichlet prior 
parameters, which has shown high accuracy in environmental sample prediction (Henry et al. 2016, Liu et al. 
2018, Staley et al. 2018). Therefore, application of this method in stream water study is of high confidence. 
To date, most studies in community-based microbial source tracking focused on the accuracy improvement in 
the source prediction, engineered source tracking strategies. Stream plays an essential role in intense urban 
development for its abundant ecosystem services, consisting of water and erosion regulation, self-purification, 
nutrients cycling, water cycling, etc. However, few studies have considered microbial source tracking from 
microbial ecology aspects. It has been studied that microbial variation has been associated with an Anna 
Karenina principle (AKP) for microbiomes in animal/human-related research, which derives from the opening 
line of Tolstoy's Anna Karenina: “all happy families are all alike; each unhappy family is unhappy in its own 
way” (Zaneveld et al. 2017). It addresses the high similarity of microbiome composition under non-stress 
condition, while with high dissimilarity under stress control. It can not only help reveal patterns of microbial 
community change but also reflect microbial dynamics, which aids in understanding the host health from 
microbiotas. This theory has been applied to the animal/human microbial study, while little has been applied to 
environmental research.  
In this study, we argue that AKP effects in stream water associated with stream water health. We apply the 16S 
rRNA technique to disentangle the variation and resilience of the microbial community in urban streams. Streams 
are dissected into happiness and unhappiness by AKP effects. We describe the unhappiness degree by microbial 
source tracking analysis. More specifically, we determine the source contribution to stream water under human 
impacts, evaluate the microbial indicators of different source, disclose the possible influencing factors of stream 






2.1 Sites description and sample collection 
Study sites were selected from the urbanized area in east Tennessee, USA (Figure 6-1). All sample sites were 
near the city center downtown, which showed a high coverage of the developed area. These streams (stream A, 
stream B, and stream C) were classified as impaired streams in 303(d) list which was published by Tennessee 
Department of Environment and Conservation in 2016 (2016). The impaired reason was that microbial pollutant 
(Escherichia coli) exceeds water quality standards. The pollutants mainly came from municipal separate storm 
sewer systems (MS4s). We sampled stream water from sixteen storms events and their corresponding baseline. 
In addition, we also collected local pavement runoff samples around the watershed, local wastewater samples 
from the local wastewater treatment plants influents and pump stations. To exclude the stormwater influence to 
wastewater, 72-hour dry weather was ensured prior to sampling. For capturing a better microbial profile of 
residential sewage, all sewage samples were sampled at 8 am in the morning. Moreover, some possible animal 
microbial sequences were downloaded from the European Nucleotide Archive database. 
Stream water and pavement runoff  (~ 4L) were collected in sterile, autoclavable, 2-liter Nalgene containers, 
which were pre-sterilized with a light bleach solution and rinsed thoroughly with distilled water. Pavement 
samples were collected just right after the rain stopped. All samples were transported at 4 °C (on ice) and stored 
at −20 °C until DNA extraction. Coliform bacteria were tested within 6 hours. Total Coliform bacteria were 
determined by traditional membrane filtration techniques (APHA, 2005). E. coli were identified by the EPA-
approved membrane filtration method using m-ColiBlue24® liquid media (HACH, Loveland, Colorado, USA).  
2.2 DNA extraction and DNA sequencing 
DNA extractions were performed using MP FastDNATM Spin Kit for Soil according to the manufacturer’s 
instruction (Protocol Revision #116560200-201608). Briefly, the biomass samples were resuspended in the 978 
μl Sodium Phosphate Buffer solution and 122 μl MT Buffer, then followed by 100 seconds vortex on MP 
biomedical fast prep instrument. Then the DNA was purified with Zymo Genomic DNA Clean & 
ConcentratorTM-10 kit according to the instructions provided by the manufacturer. The DNA concentrations 
were determined using Thermo Scientific NanoDrop ND-3300 Fluorospectrometer. 
Polymerase chain reactions were prepared with a cocktail mix containing 12.5 µL Phusion flash Master Mix, 10 
µL ultra-pure water, 1 µL forward primer, 1 µL reverse primer, and 2 µL (100 to 150 ng) DNA template. Each 
universal primer pairs were designed to target the V4 region of bacterial and archaeal 16S rRNA genes: forward 
primer 515F (GTGCCAGCMGCCGCGGTAA) with 5' Illumina adapter 
(AATGATACGGCGACCACCGAGATCTACAC), forward primer pad (TATGGTAATT), and forward primer 
link (GT); reverse primer 806R (GGACTACHVGGGTWTCTAAT), with adapter 
(CAAGCAGAAGACGGCATACGAGAT), link (CC), and a unique 12-base specific barcode for each sequence. 
The PCR program included one cycle of 94 ºC for 3 minutes, followed by 35 cycles at 94 ºC for 45 seconds 
(denaturation), 55 ºC for 1 minute (annealing), and 72 ºC for 1 minute and a half (elongation), a final extension 
at 72 ºC for 10 minutes, and then stored at 4 ºC. After the program finished, the samples were run on an Agilent 
2100 Bioanalyzer Instruments with Agilent DNA 7500 chips to ensure the amplicon quality and measure the 
DNA concentrations. Post PCR, amplicons were pooled (a set of 9 or 10) based on the peak height from Agilent 
DNA 7500 analyses and the concentrations were measured using KAPA Illumina kit for quantifying library 
(KK4824) from KAPA Biosystems. Samples were pooled again according to the results and number of 
sequences desired into a final one and the concentration was measured again with the KAPA quantifying kit. 4 
nM pooled libraries were diluted with 10 mM Tris/0.05% tween buffer (pH = 8.5) and denatured with 0.2 N 
freshly made NaOH solution. The sample was then combined with 20% PhiX control kit to increase the library 
diversity. The mixture was incubated at 96 ºC for 2 minutes using a heat block and then put into a water-ice bath 
for 5 minutes. After the sample was loaded, an Illumina MiSeq System with a MiSeq Reagent Kit v2 (300-cycles) 
and Metagenomic workflow was selected to execute the 16S protocol using the MiSeq Reporter software (MSR) 
at the University of Tennessee Genomics Core (UTGC). 
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2.3 Bioinformatics analysis and statistical analysis 
All sequencing data obtained from Illumina MiSeq platform runs were denoised under QIIME2 pipeline DADA2 
algorithm. For matching the sequence length obtained from the European Nucleotide Archive database collected 
data, sequences downloaded were sequenced with the same primer and similar library setup procedures. A 
mapping of feature sequences was summarized, and a pre-trained Naive Bayes classifier based on Greengene 
13_8 99% OTUs were used in the taxonomy analysis. All the statistical analysis was conducted in R (Team 
2016). Principal coordinate analysis (PCoA) and alpha diversity estimation were performed in phyloseq package, 
principal component analysis with biplot was performed in factoextra package. Log2Fold change of microbiome 
was analyzed in DESeq2 package. Tukey HSD test and correlation analysis were implemented in base R. 
Analysis of MOlecular VAriance (AMOVA) was carried out in poppr package. All plots were plotted under 
ggplot2 package. Source prediction was predicted in SourceTracker2. Multiple Regression on distance Matrices 
(MRM) analysis was performed in ecodist and vegan package.The phylogenetic tree was constructed in MEGA. 
Hydrology map was downloaded from Tennessee GIS Data & Resources website 
(https://libguides.utk.edu/tngis). Land cover map 2011 was downloaded from USGS website 
(https://nationalmap.gov/landcover.html). The map was plotted, and the watershed area was calculated in 





3.1 Bacterial community structure among samples 
Water samples were collected from three different urban streams in east Tennessee, USA. The V4 region of the 
16S rRNA gene was sequenced from stream water. Considering from the generalized phylum level, urban stream 
water samples were mainly accounted by Proteobacteria, Bacteroidetes, Actinobacteria, Verrucomicrobia, and 
Cyanobacteria, and Bacteroidetes (Figure 6-2), which was similar with pavement runoff and reference stream 
microbiome. This result was similar as previously listed urbanized streams and storms (Baral et al. 2018, Fisher 
et al. 2015, Huang et al. 2018, Sun et al. 2016). However, Animal feces show the distinct different proportion of 
microbiome, the relative abundance of Firmicutes and Bacteroidetes account up more than 80% of the 
community. Sewage is in between the natural water and animal feces, with higher relative abundance in 
Firmicutes than natural water, and higher abundance in Proteobacteria than animal feces. Besides, it should be 
noted that stream B showed the higher relative abundance of Firmicutes and Bacteroidetes than creek A and 
creek C. As previously described, some genus in Firmicutes were identified as fecal sources from sewage 
(McLellan et al. 2010c, Shanks et al. 2013). It may imply that stream B could be influenced by sewage. Based 
on this assumption, we further take a closer comparison at the top abundant sequence variants in stream water 
and fecal sources.  
Top abundant existed sequence variants existed in animal feces and sewage and also existed in urban streams 
greater than 0.1% were displayed in Figure 6-3. These sequence variants belong to Proteobacteria, Fusobacteria, 
Firmicutes, and Bacteroidetes. Interestingly, conform to former guess that stream A and stream C got a lower 
abundance of fecal related microbial than stream B. Only a few dots were shown in stream A and C, but much 
was filled in stream B. Furthermore, even in creek B, dry day samples and showed the more abundant microbial 
community in Bacteroides and Prevotella. Both bacteria have been used as biomarkers in detecting human and 
ruminant fecal pollution (Bernhard and Field 2000). However, they are easy to decay in natural water (Bae and 
Wuertz 2009). Therefore, the higher abundance of these bacteria in dry day samples than wet day samples could 
be attributed to the newly fecal source inputs. These fecal inputs could be flushed away by the storms during wet 
days. Moreover, a group of other bacteria also existed in urban streams, such as sequence variants from 
Arcobacter, Acinetobacter, Acidovorax, Methylophilaceae, Enterobacteriaceae, Leptotrichia, Megamonas, 
Faecalibacterium, Peptostreptococcaceae, and Cloacibacterium. Most of them were found as significant existed 
bacteria in sewage. It may indicate the high probability of sewage contamination in urban streams.  
Principal coordinates analysis with the Unifrac distance calculates the microbial community relatedness among 
possible source samples and stream water samples. It aims at checking the dissimilarity among samples (Figure 
6-3). PCoA showed that stream water samples and sewage/animal feces samples clustered separately indicated 
the microbiome in sewage/animal feces is different from that found in natural water. AMOVA pairwise 
comparison identified significantly different microbial community composition among sewage, animal fecal 
samples, stormwater runoff samples, and stream water samples. Fecal samples from the same source type located 
in the same color, sewage clustered in a single color. However, some urban stream samples showed more 
relatedness with sewage samples, while some were closer to stormwater runoff samples. It may imply that some 
urban water samples suffer from sewage contamination, while others sustain stormwater runoff flushing. 
3.2 Human stress induces microbial AKP effects in streams 
For determining possible sources contribution, Bayesian-based classification software SourceTracker2 was 
applied in the estimation (Knights et al. 2011). Five independent runs were performed on the highest sequence 
variants resolution under the default settings (Figure 6-5). It predicted that sewage is likely the most common 
input source in urban streams baseline, while dog and calf source are found as well. As expected, stream B bear 
a higher proportion of sewage inputs than stream A and stream C. 5/20, 6/20 samples were detected with calf 
and dog feces pollution. However, the likely most common source inputs change to stormwater runoff, followed 
by sewage, and bird feces. Only 2/20, 1/20, 2/20 samples respectively found bird feces, calf feces, and dog feces 
pollution, with a proportion higher than 1%. 
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To identify the determinant factors of the microbial community composition, a principal component analysis 
was carried out with environmental factors/sources contribution and urban stream microbial community (Figure 
6-6). Baseline samples and post-storm samples separated. Baseline samples related to sewage, dog feces, and 
calf feces. Some post-storm samples related to stormwater runoff source, some related to precipitation, total 
coliform, and E.coli. Additionally, ADP may have a relation with E.coli and precipitation.  
A MRM analysis revealed that coliforms have a negative relation with the microbial community (R= -0.84, 
p=0.04), but the microbial community has a significant positive relation with phylogenetic diversity (R= 0.94, 
p=0.02) (Table 6-1). It indicates that the increased coliform bacteria may suggest the decreased phylogenetic 
diversity, which means the die off or decay of some bacteria with low survival ability. Under dry weather 
condition, increased coliform bacteria could be associated with sewage inputs. Significant positive relationship 
was found between sewage contribution proportion and coliforms, E.coli (R=0.76, p<0.05), total coliform 
(R=0.63, p<0.05) (Figure 6-7). Under wet weather condition, increased concentration of E.coli in stream showed 
significant positive relation with survived E.coli in stormwater runoff (Figure 6-8). It may enhance the 
conclusion that E.coli and total coliform mainly attributed to sewage and stormwater runoff respectively in dry 
weather and wet weather.  
However, coliform concentration in baseline was significantly lower than stormwater runoff and post-storm 
stream water (Figure 6-9). Based on our experiment test of E.coli concentration in sewage, sewage sustained the 
concentration of E.coli around 5 million CFU/100mL and total coliform around 16 million CFU/100mL. It is 
much higher than the E.coli concentration in stormwater runoff, which is around the mean value of 18700 
CFU/100mL. Stream water was mainly polluted by sewage in dry weather and stormwater runoff in wet weather. 
Therefore, baseline samples would be in a higher concentration of coliform than post-storm samples. However, 
baseline samples were significantly lower than the post-storm samples. Such an interesting finding could be due 
to the strong ability of sediment. Sediment can provide a more friendly place for E.coli survive (Burton et al. 
1987, Laliberte and Grimes 1982), regrow (Litton et al. 2010) and accumulate (Alm et al. 2003). Sewage leakage 
is a chronic problem, which may support sediment accumulate sewage-derived microbial source. The activation 
of sediment in the river/stream bed could occur when critical shear stress threshold of the stream sediments was 
exceeded (Bradshaw et al. 2016, Cho et al. 2010), and the resuspended fecal indicator bacteria could propagate 
in a very long distance in the stream. Therefore, the survival ability of fecal indicator bacteria makes sediment 
an important sources during the storm events (Cho et al. 2010, Garzio-Hadzick et al. 2010, Yakirevich et al. 
2013). And this could contribute to increased E.coli concentration in the post-storm stream water. 
3.3 Unhappiness in AKP effects cause decreased microbial diversity  
Reference streams showed the highest alpha diversity, followed by baseline, then post-storm stream samples. 
This pattern was in reverse relation to coliform concentration. The lower concentration in coliforms, especially 
E.coli, the higher microbial diversity (Figure 6-10). It may suggest that the higher concentration of coliforms, 
the higher pollution sources contribution, and resulted in the lower microbial diversity. The inputs of sewage 
and stormwater runoff cause the primitive ecological microbiome to die off and decay. Some accompanying 
microbial immigrants, originate from human impact, colonize the urban stream system, and reshape a new stream 
microbial consortium. How the microbial change under human impact was depicted by DESeq analysis. 
Consistent with source tracking result, urban streams express the invasion of sewage-related bacteria, such as 
Prevotella, Blautia, Arcobacter, Acinetobacter, Flavobacterium, Alkanindiges, Flavobacterium. Besides, some 
soil and aquatic bacteria also existed in urban streams, such as root colonized bacteria Massilia, Pedobacterm, 
Flectobacillus, Dechloromonas can stay in aquatic sediment environment. However, a group of bacteria that 
hard to classified in family or genus level existed in the reference stream. The low classification means that low 
discovery of these bacteria in the study to date.  
Reference streams show more stable microbial composition than urban streams. PCoA plot depicts the close 
distance among reference streams and sparse distance among urban streams (Figure 6-11). The closer distance 
reflects more close microbial similarity. Therefore, reference streams even with more diversity still showed more 
stable microbial change, while urban streams subjected to more dissimilarity. It could be stream unhappiness, 
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human impacts caused the dissimilarity. Log2Fold change analysis was performed to discover the difference 
between two types of the stream. A group of the sewage-related microbiome was found in urban streams, which 
further revealed the unhappiness caused by human (Figure 6-12). On the contrary, reference streams were 
covered by the pristine microbiome, related to soil and water.  
Even urban streams with unhappiness, a group of the microbial community still has its ability to recover from 
the environmental disturbance and reshape the niche of urban streams. Stormwater runoff flushing is a typical 
case. Stormwater showed more similarity with the post-storm sample. Most baseline samples showed more 
distance with stormwater, which may signify the recoverability of streams from perturbations. More details can 
be found in Figure 6-13, stormwater runoff showed more similarity with post-storm than baseline samples at the 
family level. Stormwater runoff showed higher abundance in Oxalobacteraceae, Comamonadaceae, 
Moraxelleceae, Pseudomonadaceae; they are a typical family in stormwater runoff. However, these bacteria 
decreased after a period of dry weather. Moreover, baseline samples showed the decrease of those storm 
condition increased families, while more families with low taxonomy classification increased. Therefore, stream 
water has its ability to recover from human stormwater disturbance. On the other hand, it may signify that streams 
without human impact preserve more natural microbiome, and these natural microbiomes can preserve high 
composition stability. Furthermore, the family level comparison revealed that stream under human perturbation 
or not still has a similar microbial community (Figure 6-13), such as Comamonadaceae, Cytophagaceae, 
Flavobacteriaceae, Sphingomonadaceae, Rhodobacteraceae. Most of them associate with soil, aquatic, 
freshwater environment. However, the streams in this study suffer from frequent sewage leakage, which prevents 
its long-term resilience process. Therefore, stormwater management and urban infrastructure maintenance 
become more significant.  
3.4 Potential influence of land use cause the AKP effects 
Three studied urban streams showed the different contribution of sewage inputs; stream B was much higher than 
stream A and stream C (Figure 6-14a). Correspondingly, stream B was on the highest level of nutrients, NO32-, 
Cl- and SO42- (Figure 6-14b). Stream B showed a significantly different level of sewage contribution and 
nutrients concentration, revealed by Tukey HSD test (p<0.05). Therefore, the unhappiness from sewage leakage 
caused the increase of nutrients in streams.  
Since all three sites were urbanized areas that have been developed for a long time. For identifying the developing 
status of the different site. Developed areas along each watershed were calculated based on land cover data. 
Based on USGS land cover classification standards, the developed area includes open space area, low intensity 
developed area, medium intensity developed area, and high intensity developed area (Figure 6-1). The absolute 
area cannot represent the developing level for comparison. Therefore all area was standardized by each class 
area divided by the total developed area. As a result, stream B was much more developed than the other two 
streams (Table 6-2). The high intensity and medium intensity developed area have a higher percentage than the 
other two streams. Stream B had a total of 48.5% of high and medium developed area percentage, while stream 
A and stream B only had 24.6% and 30.6% of high and medium developed area. This may also suggest human 
impact intensity has impacted the urban water body, which may also imply why the stream B always showed 
much higher fecal source levels. This result is similar as (Bradshaw et al. 2016) listed that land use played a clear 




4. Discussion and Conclusion 
Water quality in the streams, especially urban streams, has long been a discussing point. The microbial 
community analysis provides a new perspective on water quality evaluation. Evaluating stream water 
microbiome response to human impact by community based microbial source tracking verifies ‘Anna Karenina 
principle’ in environmental studies.  Results support that the unhappiness in the stream is caused by different 
degree/type of human impact, mainly expressed in sewage and stormwater runoff. The microbial population 
changes caused by human perturbance would influence ecosystem processes. Detailed conclusions include:  
The unhappiness in the stream water baseline was identified by the prevalent of some sewage bacteria. The high 
concentration of E.coli and total coliform could arise from sewage contamination. MRM analysis revealed that 
the higher concentration of E.coli and total coliform relates to the lower microbial diversity. 
The main unhappiness in post-storm stream water mainly originated from stormwater runoff and sewage. Levels 
of coliform concentration in stormwater runoff reach far from the recreational water quality standards. A 
comparable level of E.coli and total coliforms in stormwater runoff and stream water signified the integration of 
stormwater and stream water. 
Land use could be an essential factor that influences the microbial community assemblage. Stream B suffered 
more from the sewage leakage than the other two streams, which expressed by the existence of some sewage-
originated bacteria. Along stream B, 17.2% of the land was under high developed status, while the other two 
streams only show less than 10% of the highly developed land use type. Land use is supposed to induce microbial 
changes which influence stream ecosystem function (Gucker et al. 2009). Because land use can change the total 
mass and lipid composition and affect the trophic transfer of energy in stream food webs, then influences the 
stream microbial food web (Boechat et al. 2011). However, a more comprehensive study needed to be 
implemented to identify this hypothesis. 
Stream happiness was reflected in the low variation of the microbial community in pristine streams. PCoA 
identified closer microbial distance among reference stream samples than among urban streams.  
Even though human have profoundly influenced the stream ecological state, urban streams still reserve a group 
pristine microbiome consortium. It could be attributed to the microbial resistance, while a group of the microbial 
population remains unchanged in the human disturbance. It suggests that those microbiomes are sensitive to 
environmental stress. Except for resistance, microbial resilience was also found in the stream water, while stream 
water microbiome was able to return to its original state. Among the thirty-four collected samples, fourteen of 
them were baseline and pot-storm pairs. However, the microbial community in baseline water samples showed 
more similarity and post-storm water samples was in another group. It may suggest that the storm impacted the 
stream water, while stream water was able to bounce back after a period of recovery. How the water microbial 
recovered remains to be studied.  
Community-based microbial source tracking with SourceTracker is library dependent, while a large proportion 
of sources is unpredictable. Prediction coverage is built on the library de novo established. In this study, a large 
number of sources remains unknown, which suggests the complexity of pollution sources is beyond our 
expectation. Sediment, especially the water-sediment contact surface, could be an ideal reservoir bacteria, such 
as fecal bacteria, waterborne pathogens (Alm et al. 2003, Bradshaw et al. 2016, Cho et al. 2010). However, 
during the storm event, re-entrainment of bed sediments resuspended since the critical shear stress threshold of 
the stream bottom sediments is exceeded (Cho et al. 2010, Jamieson et al. 2005). Therefore, including sediment 
as a vital source in a further study is hypothetically required.  
Recently, negative control has been proposed in source tracking studies. It is of great importance in increasing 
prediction accuracy. For examples, wastewater effluents have high similarity with ocean water in the microbial 
community. When  (Staley et al. 2017) predicted the pollution source contributed to endangered coral reefs, 
decreased false positive estimation will be if background ocean water was included in the source library. This 
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argument was further identified by incorporating either the local background or representative bacterial 
composition in water resources (Hagglund et al. 2018). And the measured coliform concentration was correlated 
with source tracking result.  Therefore, we include reference water as background water in source prediction. 
Similar to previous results, we found a significant correlation with coliform concentration and predicted source 
contribution.  Furthermore, if we emit the reference stream water from background library, we saw a significant 
exaggeration of stormwater runoff influence, with an average increasing stormwater runoff contribution of more 
than 5%. Besides, we also see a significant stormwater runoff influence in the dry period. However, this 
impractical finding disappeared if we included reference stream water in the library. Therefore, our study 




Appendix F: Figures and Tables 
Table 6-1 Results of MRM analysis to disclose the microbial community-related factors. 
 microbial community p-value 
Intercept 9.71 0.34 
Coliforms -0.84 0.04 
Sources contribution 0.68 0.10 
Alpha diversity -0.22 0.50 




Table 6-2 Different levels of the developed area along the studying streams. 







Open Space 6.52 
40.7% 1.22 19.0% 5.25 32.4% 
Developed, 
Low Intensity 




2.86 17.8% 2.01 31.3% 3.36 20.8% 
Developed, 
High Intensity 
1.08 6.8% 1.10 17.2% 1.59 9.8% 
Total 
Developed 















Figure 6-3 Bubble plots depicts the relative abundances of the main fecal sequences. 
The values were the mean value of the replicates. Row represents individual sequence, and the sequences were 
grouped by phylum with brackets ‘}’. The lowest assigned taxonomy of each sequence was shown on the right 





Figure 6-4 Sample relatedness of source and sink microbiome. 
NMDS analysis with Unifrac dissimilarity matrix describes the relatedness of different types of wastewater 





Figure 6-5 Source contribution to urban streams estimated by SourceTracker. 











Figure 6-7 Correlation between sewage contribution and coliforms in baseline. 





Figure 6-8 Correlation between sewage contribution and coliforms in baseline. 





Figure 6-9 Coliform concentration in waterbody and stormwater runoff. 
Boxplot with error bars indicating the standard deviations. Coliforms in different environmental water labeled 
with different labels indicate the significant differences with the other environmental water (ANOVA, Tukey 





Figure 6-10 Alpha diversity of the microbial community in waterbody and stormwater runoff. 





Figure 6-11 Sample relatedness of stormwater samples and stream water samples. 





Figure 6-12 Log2Fold changes of taxonomic sequence variants between urban streams and reference streams. 
The abundances of the sequence variants in the 16S rRNA gene amplicon data were used to calculate the 
log2FoldChange value by DESeq function in DESeq2 package in R. A positive log2 fold change for a 
comparison of urban stream with reference stream represents relative abundance in urban streams is larger in 
comparison to reference streams. Rare sequence variants were trimmed with sequence variants with relative 






Figure 6-13 Microbial community of streams and stormwater runoff at the family level. 






Figure 6-14 Site comparison of sewage inputs and nutrients concentration in urban streams. 
Bars labeled with different labels indicate the significant differences with the other environmental water 









This dissertation applied microbial community analysis to identify populations relevant to pollutant mitigation 
in natural and engineered processes. We discovered the distribution of persistence of antibiotic resistant genes 
and their potential carriers following anaerobic treatment of animal wastewater. Besides, microbial populations 
response to environmental disturbance, represented by the amendment of formate as additional substrate, were 
found. It explained the microbial assembly mechanism in animal wastewater treatment. Furthermore, 
populations highly tolerance to toxic wastewater could be developed in AnMBR. Microbial community analysis 
helps improve the treatment efficiency in recalcitrant industrial wastewater. Moreover, we discovered the 
dynamics of microbial community distribution of sewage. Finally, we find that microbial community analysis 
was capable of identifying sources of impaired surface water. 
Chapter 2 successfully discovered that 126 ARG groups from more than 20 ARG categories persisted under 
engineered anaerobic treatment, mainly expressed in the most abundant unchanged subtypes, vanUG, dfrE, msrB, 
PmrE, LlmA, which belonged to resistant types, macrolide-lincosamide-streptogramin, glycopeptide, and 
multidrug, etc. The existence of host bacteria accompanied such persistence of ARGs, mainly originated from 
Firmicutes, Proteobacteria, Actinobacteria, and Bacteroroidetes. The persistence was supported by the 
persistent existence of some resistant functions and mobile genetic elements (MGEs). 
Within Chapter 3, section A tested the hypothesis that formate would be favorable to a group of 
hydrogenotrophic methanogens under long term anaerobic treatment. Interestingly, the results rejected the 
hypothesis. In contrast to the hypothesized hydrogenotrophic methanogens, acetoclastic methanogens were 
surprisingly the dominant methanogens in balanced engineered anaerobic processes. Such phenomena could be 
attributed to homoacetogens, which likely helped Methanosaeta convert proposed hydrogenotrophic 
methanogenesis pathway to the acetoclastic pathway. Those possible functioned homoacetogens and acetoclastic 
methanogens were identified as ‘home’ populations that involve in legacy effects. The “home” bacteria and 
“home” methanogens coupled and led the pathway redirection under the formate treatment. This finding provides 
valuable insights into developing strategies for animal wastewater mitigation. 
Within Chapter 3, section B extended the pollution mitigation question to industrial pollutants, recalcitrant 
biofuel process wastewater. The main finding was that a microbial consortium could recover methane from 
carbon-enriched (COD concentration exceeding 15,000 mg/L) wastewater. With the gradual increase in organic 
loading of the process wastewater, the AnMBR was able to remove >99% of COD loading with stable biogas 
production, which coincided with the dominance of Methanobacterium, suggesting the functional importance of 
hydrogenotrophic methanogenesis in the anaerobic metabolism of the wastewater organics. Other methanogenic 
populations, including Methanosaeta and Methanomassiliicoccus, were also found at significant levels in the 
AnMBR, indicative of the need for functional diversity to support the degradation of diverse organic constituents 
in the process wastewater. More importantly, the prevalence of multiple syntrophic bacteria (Syntrophaceticus, 
Syntrophobacter, Syntrophomonas, Syntrophorhabdus, and Syntrophus) demonstrates the importance of 
syntrophic interactions in anaerobic treatment. This finding innovatively designs and demonstrates a new path 
into the utilization of ‘recalcitrant’ industrial wastewater.  
Within Chapter 4, section A experimental evidence implicated sewage from the pump station, not 24-hour 
composite sewage, is better microbiome assemblages in source tracking. Results showing that a subset of human 
fecal microbiome rapidly decayed in raw sewage, a group of non-fecal microbiome propagated in sewage 
conveyance system, and a group of human fecal microbiome thrived with sewage aging. It was also supported 
by the increased microbiome diversity with the aging and transportation of sewage in the natural environment. 
Non-overlaps of network hubs, nodes, and connectors were found among constructed RMT networks. This work 
renews the current understanding of sewage in source tracking studies to date. 
Within Chapter 4, section B applied the results from part one into source tracking application. Natural stream 
health was assessed by microbial community composition. The health state was determined by the degree of 
human perturbations, which brought about the variation in diverse source contribution. In contrast, reference 
streams explicated the low variation in microbial community composition and high phylogenetic diversity, which 
preserved more pristine microbial profile in streams. This study verified an ‘Anna Karenina principle’ for stream 
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water microbiomes, in which urban stream water vary more in microbial community composition than pristine 
streams—similar to Leo Tolstoy's dictum that “all happy families look alike; each unhappy family is unhappy 
in its own way.” 
In conclusion, this dissertation supports the assumption that the microbial population can help identify and 
evaluate the pollution sources, helps improve the pollution treatment process as well. These microbial 
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